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ABSTRACT: Contemporary power network planning faces critical challenges from intensifying climate variabil-
ity, including greenhouse effect amplification, extreme precipitation anomalies, and persistent thermal extremes.
These meteorological disruptions compromise the reliability of renewable energy generation forecasts, particularly
in photovoltaic (PV) systems. However, current predictive methodologies exhibit notable deficiencies in extreme
weather monitoring, systematic transient phenomena analysis, and preemptive operational strategies, especially for
cold-wave weather. In order to address these limitations, we propose a dual-phase data enhancement protocol that
takes advantage of Time-series Generative Adversarial Networks (TimeGAN) for temporal pattern expansion and the
K-medoids clustering algorithm for synthetic data quality verification. In order to better extract the spatiotemporal
features of the model input simultaneously, we develop a hybrid neural architecture integrating Convolutional Neural
Networks with Long Short-Term Memory modules (CNN-LSTM). To avoid the problem of hyperparameters getting
trapped in local optimal solutions, we use the Whale Optimization Algorithm (WOA) algorithm to obtain the global
optimal solution by simulating the hunting of humpback whales, further enhancing the generalization ability of the
model. Experimental validation demonstrates performance improvements, with the proposed model achieving 30%
higher prediction accuracy compared to Genetic Algorithm-Backpropagation Neural Network (GA-BPNN) and Radial
Basis Function-Support Vector Regression (RBF-SVR) benchmarks, promoting the renewable energy prediction in
data-constrained extreme weather scenarios for future power networks.
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1 Introduction

Recent years have witnessed the emergence of sustainable energy technologies, which are playing an
vital role in shaping the future power networks by reducing carbon emissions and supporting the transition
toward a environmentally friendly energy infrastructure [1]. At present, photovoltaic power generation
technology that uses solar energy for energy conversion is gradually maturing and improving. In the new
power system with new energy as the main body, new energy power generation has gradually become the
largest power source, has the ability to actively support, and has become the main source of power and
electricity supply [2]. Due to the randomness and volatility of wind power and photovoltaic power, their
large-scale integration into the power grid has had an impact on the safe and stable operation of the power
system. Predicting the future output power of wind power and photovoltaic power in advance and reserving
consumption space based on the prediction results are important technical means for China to improve the
consumption level of new energy and ensure the safety of the power system [3].
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The problems of strong volatility and high randomness in new energy power generation have increased
the difficulty of power prediction for new energy power generation and raised the accuracy requirements
for power prediction. This means that the requirements for power prediction systems are also increasing
day by day [4]. At present, the basic data related to new energy power generation is insufficient, and the
characteristics and patterns of changes have not been clearly understood. The relevant meteorological data
is incomplete, making it difficult to grasp the characteristics of weather changes and the spatio-temporal
regularity. In addition, new energy power stations are numerous and widespread. Coupled with the frequent
occurrence of major weather conditions such as sandstorms and cold waves in recent years, it has made the
medium and short-term prediction of new energy difficult, seriously affecting the accuracy of new energy
power prediction. Therefore, studying a new energy power prediction model that is universal in both major
weather and normal weather conditions is of great significance for maintaining the stable operation of the
power grid and improving the consumption of new energy.

Firstly, the prediction of photovoltaic power output is beneficial to the stability and reliability of the
power system. Under major weather conditions, the output of photovoltaic systems is affected by many
uncertain factors, such as strong winds and strong light radiation. The prediction of photovoltaic power
output can help the energy system better plan and adjust energy output, thereby enhancing the stability and
reliability of the system. This is crucial for ensuring the normal operation of the power system under extreme
conditions. Secondly, the prediction of photovoltaic power output can make operation and maintenance
of power systems more intelligent. Photovoltaic power output prediction can provide valuable information
for operation and maintenance personnel, helping them understand the possible challenges the system may
face in advance. By predicting the performance of the system under different major weather conditions,
the operation and maintenance team can take corresponding measures, such as timely maintenance and
allocation of backup equipment, to ensure the long-term operation of the photovoltaic system. At the same
time, it can also achieve the maximization of economic benefits: under major weather conditions, the power
generation capacity of photovoltaic (PV) systems may fluctuate significantly, and normal operation may be
affected to a certain extent. Through the prediction of photovoltaic power, the energy system can adjust the
power production plan more flexibly to maximize the utilization of available solar energy resources, improve
the efficiency of power generation, and reduce the cost of power production. Then it is more conducive to
addressing the challenges of climate change. Major weather events caused by climate change are becoming
more frequent and severe, which puts forward higher requirements for photovoltaic systems. Through the
precise prediction of photovoltaic power, energy systems can better adapt to and respond to the challenges
brought about by climate change, ensuring the sustainability of power supply [5]. Finally, the prediction of
PV is convenient for the integration and optimization of renewable energy resources. PV prediction can not
only be applied independently to solar energy systems, but also be integrated with other renewable energy
systems, such as wind energy and energy storage, etc. [6]. By rationally coordinating the output of various
renewable energy sources, a more efficient and sustainable energy supply system can be achieved. In addition,
the prediction of PV has also received governmental support and social recognition. Accurate photovoltaic
power prediction is conducive to formulating more scientific and reasonable energy policies [7]. At the same
time, for the general public, the reliability of photovoltaic systems under major weather conditions is also an
important factor in assessing the sustainability of renewable energy, which can enhance people’s trust and
acceptance of renewable energy.

Opverall, considering major weather conditions, conducting photovoltaic power output prediction not
only has a profound impact on enhancing the stability and reliability of the energy system, but also provides
strong support for sustainable development, climate change response, and other aspects. Through scientific
prediction and reasonable planning, the stable operation of photovoltaic systems under various major
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weather conditions can be better achieved, promoting a larger proportion of renewable energy in the global
energy structure. PV output prediction is a research field that attracts extensive attention internationally.
Many academic institutions, research teams, and the industrial sector are actively investing resources in
related research. The following are some of the main aspects of current research at home and abroad:

Numerous studies have been conducted on Al-driven PV generation prediction, enhancing quality of
meteorological data [8] and the adaptability of predictive models [9]. These solutions support the larger
objectives of sustainability and energy efficiency in contemporary power systems by aiming to increase
forecasting accuracy and guarantee financial gains for both energy suppliers and consumers [10].

There has been relevant research on the monitoring and characteristic analysis of major weather
events internationally, but most studies focus on the overall considerations within conventional weather
forecasting systems, with limited attention paid to specialized forecasting techniques for major weather
events [11,12]. Literature [13] conducted feature selection and modeling analysis based on extreme weather
data and proposed a machine learning-based prediction model framework. However, research on the
spatiotemporal characteristics of major weather events, particularly the coupling characteristics of different
major weather events with photovoltaic and wind power, is still lacking. In terms of the impact analysis
of new energy output limitations under major weather conditions, the mechanisms limiting wind power
output in low-temperature environments have been studied in depth. Literature [14] used meteorological
factors, applied fuzzy recognition technology, and used the results as inputs to a neural network to achieve
effective meteorological condition forecasting. Literature [15] proposed an application framework for power
meteorological sensor monitoring technology and discussed in detail the development and application status
of various sensing technologies. However, there has yet to be a model for analyzing new energy limitations
under different major weather events, especially in terms of modeling the impact of future meteorological
environmental uncertainties, where research is still insufficient.

In the study of new energy output prediction under major weather conditions, Literature [16] explored
the relationship between meteorological factors and new energy output using distance analysis, and through
SOM clustering, classified the samples to construct a photovoltaic output prediction model based on weather
type clustering. Literature [17] mapped the proportional relationship between output means under different
weather conditions to a weather type index, which was then used as input to a neural network, thereby
accurately establishing an association model between meteorological conditions and new energy generation
output. Literature [18] proposed a method for extracting power load characteristics for extreme weather
based on historical load and meteorological data. Literature [19] proposed a correction method for wind
power prediction under extreme weather conditions. However, the model feature extraction used in the
above-mentioned methods is relatively simple, which may ignore the complex coupling relationship among
meteorological features. Meanwhile, the model design is relatively traditional and does not make full use of
the deep learning ability, resulting in relatively low prediction accuracy.

Additionally, the occurrence probability of cold-wave weather is relatively low, so the available sample
data is limited. Therefore, expanding small sample data using models is considered, with many domestic
precedents. Literature [20] employed a dual-generator and dual-discriminator structure of a recurrent
generative adversarial network (GAN) to effectively expand the number of fault-labeled samples, solving
the issue of fault recognition failure due to scarce labeled samples. Literature [21] used convolutional
neural networks to construct generative and discriminative models separately and trained them through
adversarial training of conditional GANs, generating prediction data based on key influencing factors.
However, in photovoltaic power generation, the temporal variation characteristics are also crucial. Therefore,
this paper focuses on generating sample models based on the temporal variation characteristics of cold-wave
weather types.
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Compared with published research articles in few-short PV prediction algorithms, the contributions
and innovations of the proposed method are summarized as follows:

(1) A novel few-short data expansion method for cold-wave weather based on the TimeGAN temporal
network is proposed in this paper to address errors and missing values within the dataset, thereby resolving
the issue of insufficient few-short data in cold-wave scenarios.

(2) This paper proposes a neural network prediction model based on the WOA optimization algorithm,
which optimizes hyperparameters on the basis of common models, which can effectively solve the problem
that common models are prone to fall into local optimal solutions and improve the prediction accuracy.

(3) The effectiveness of the proposed framework is validated through a detailed case study in a
cold-wave weather condition, achieving 30% higher prediction accuracy compared to Genetic Algorithm-
Backpropagation Neural Network (GA-BPNN) and Radial Basis Function-Support Vector Regression
(RBF-SVR) benchmarks.

The rest of this paper is organized as follows: The algorithm of this paper is introduced in detail
in Section 2. Data testing and comparative analysis of this model are presented in Section 3. In the end, the
paper is concluded in Section 4.

2 Proposed Algorithm
2.1 Research Strategy

This paper proposes a forecasting method for photovoltaic output under cold-wave weather, with the
approach outlined in Fig. 1. The specific steps are as follows, (1) Define the criteria for determining cold-
wave weather events and classify them into conventional and cold-wave weather categories; (2) Preprocess
the sample data and augment the small sample data of cold-wave events using the TimeGAN; (3) Establish
a prediction model based on WOA-CNN-LSTM using the augmented sample data and predict photovoltaic
output, completing the model construction; (4) Compare the results of the prediction model with those of
other similar models to verify the feasibility and accuracy of the proposed model.

2.2 Meteorological Feature Analysis of Cold-Wave Weather
2.2.1 Cold-Wave Weather Process and Meteorological Features

A cold-wave is a typical phenomenon characterized by rapid temperature drops, strong winds, and cold
weather. Its formation process involves multiple factors such as the source of cold air, airflow transport, and
terrain. The most significant feature of a cold-wave is the sharp drop in temperature, which typically occurs
at the front of the cold-wave and may be accompanied by rain or snow. During the cooling process, the
wind chill effect from strong winds further lowers the perceived temperature. Even if the actual temperature
is not extremely low, it can significantly enhance the feeling of coldness. The meteorological features of a
cold-wave are mainly manifested as rain or snow, strong winds, and rapid cooling. These characteristics can
have a large impact on photovoltaic systems. In rain or snow conditions, due to regional differences, snow
accumulation is minimal, but rainfall significantly reduces photovoltaic output. Before and after rainfall,
cloud cover, and increased humidity may cause light scattering, further lowering the power generation
efficiency of photovoltaic panels. In strong wind conditions, increased air turbidity reduces the transmission
of solar radiation, and in extreme cases, it may even damage the photovoltaic support structure. Under
extreme cooling conditions, ice or frost may form on the surface of the panels, affecting photovoltaic power
generation efficiency. In summary, the impact of cold-wave weather on photovoltaic systems’ performance
and output mainly manifests as a decrease in efficiency, snow coverage, and potential equipment failure.
Therefore, early forecasting and protective measures are crucial.
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Figure 1: A method for small sample photovoltaic power prediction under cold-wave weather

According to the standards provided on the National Meteorological Administration website, a cold-
wave event occurs after the passage of cold air, with a temperature drop of more than 8°C within 24 h or
more than 10°C within 48 h, accompanied by temperatures dropping below 4°C. Based on comparative
research and empirical analysis of cold-wave events in Jiangsu Province, this paper defines a cold-wave event
as starting at the highest temperature when the rapid cooling begins and ending when the temperature rises
above a low-temperature threshold of 5°C.

2.2.2 Data Sources

The data in this paper is sourced from a key scientific research project in Jiangsu Province, focusing on
a photovoltaic power station located in a specific area of Jiangsu. The data used includes NWP (Numerical
Weather Prediction) forecast data for major meteorological factors in 2022 and corresponding photovoltaic
power output data for the same time period. The data processing flow of the proposed method are illustrated
in Fig. 2, we take advantage of grubbs interpolation test to eliminate outliers and piecewise cubic Hermite
interpolation to complete missing data. The few-shot dataset is expanded with TimeGAN, then processed
with K-medoids clustering. The time resolution of the meteorological data is 15 min, while the time resolution
of the photovoltaic output power data is 1 min. The meteorological data includes key indicators such as
irradiance, relative humidity, temperature, and atmospheric pressure. Some of the original data and their
corresponding time-series graphs are shown in Fig. 3.

According to the cold-wave warnings issued by the China Meteorological Network and local meteoro-
logical departments, and in accordance with the data standards outlined in Section 2.2.1, we have compiled
the relevant data from three cold-wave events. A portion of the temperature variation trends is shown
in Fig. 4, which includes one windstorm event and two rainfall events. A total of 1179 meteorological
data samples from the cold-wave events were collected, which will be directly used for small sample
augmentation processing.
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Figure 2: Data processing flow
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Figure 3: Partial display of the original data

2.3 Meteorological Data Processing
2.3.1 Outlier Detection and Handling

In the historical data of PV power stations, abnormally high or low values are commonly encountered,
which are typically caused by measurement errors in the equipment, leading to power or irradiance data
deviating from the actual levels. In addition, power data may be lower due to curtailment or limitations
imposed on power generation by the grid. Curtailment is usually associated with grid overload or other
technical issues that force the power station to reduce generation or even suspend operations. During routine
inspections or scheduled maintenance periods, the station may shut down, resulting in power data being
zero or significantly reduced for certain time intervals. These factors together contribute to the generation of
anomalous data. In this paper, we use the Grubbs test for outlier detection, assuming that the data follows a
normal distribution. The test compares the deviation of each data point from the mean to determine whether
it is an outlier. The formula for the Grubbs test is as follows:

o Ix-denx
Vs S (- 42 x)’

, @
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where ¢ is the critical value based on the t-distribution with N — 2 degrees of freedom, and G, is the critical
value for the Grubbs test method.
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Figure 4: Temperature variation trend

2.3.2 Missing Data Handling

After using the Gy method to detect and remove outliers, the amount of missing data increases, with
missing values appearing in the form of “0”, “null’, or “0.00”. When the amount of missing data is not large,
it is generally preferred to impute these missing values. In general, when the number of missing data points
does not exceed 50, this paper uses Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) for data
imputation. The interpolation formula is as follows,

Let the observed time series be T = {#;, f,, -
sequence be P = {P;, P,, -

-+, ty }, and the corresponding photovoltaic characteristic
-, P, }, where some data points in the photovoltaic characteristic sequence are
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missing. Let (t;, P;) represent the known data points, and the interpolation function for each segment
[t:, tis1] is given by,

My +m; — 24 3A; —2m; —m;
P (t) = z+1—121 (tis1 - fi)3 + 1 as (tiv1— ti)2 +m; (tia—ti)+Pi (3)
(tivs = ti) fiv1 — i
where
m; = O,A,‘ X A,‘_l <0 (4)
3
mi:ﬁ,AixAi,1>0 (5)
[y
P - P;
AizL,i:Ll---,n—l (6)
tivi— ¢

2.4 The TimeGAN-Based Small Sample Data Augmentation for Cold-Wave Weather
2.4.1 TimeGAN-Based Few-Short Augmentation

To expand the meteorological NWP data severe weather conditions and the output data
Xt = {(NWng, ng) |NWng, Pyse Qzgf=1---, T} from T photovoltaic power stations, the overall
sample space is set as )z, with the three loss functions including autoencoder loss, unsupervised loss, and
supervised loss are defined as,

Li-Ex, [Z Ix, - A] , @)
t

Lu=Ex,. [z ||1ogyt||] ‘Ex,, [z llog (1 - yﬁ)] , ®)

LS = EXHLP |:Z ||ht - gX (htl>Zt)|2:| > (9)
t

where E represents the Euclidean distance between two vectors, Z; is a randomly generated
vector, x; is the NWP data with temporal characteristics for the ¢-th photovoltaic station, x; is the temporal
data generated after learning, gx represents the recurrent network in the generator, h; is the hidden layer
vector, y; represents the actual sample class, and y; represents the generated sample class.

The parameter optimization for the embedding function and recovery function is defined by,

n;in@, (ALs + Lg) . (10)

e

Optimization of parameters in the generator and discriminator is denoted by,

Og

min(qLS +rréaxLU). (11)
d

where 6., 0,, 0, and 6, represent the parameters of the autoencoder network (embedding function and
reconstruction function) and the adversarial generative network (generator and discriminator), where both
A and # are positive numbers.
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TimeGAN, through the joint training of the autoencoder and adversarial network, is capable of
capturing both the trends of sequences under real extreme weather conditions and ensuring that the feature
distribution at each time slice aligns with the real sequence. To further enhance the stability and reliability
of power data, this study employs the box plot method to handle and remove individual outlier data. The
processed data is then used as the foundation for neural network modeling. This step ensures that the
generated time series align with the distribution characteristics of real weather data, making the generated
data more credible.

2.4.2 Data Quality Detection
Clustering algorithms partition a dataset into multiple clusters based on similarity metrics, such that
the similarity within a cluster is as high as possible, while difference between clusters is as large as possible.

In this study, such algorithms are used to validate the quality of the data generated by TimeGAN. Unlike
the commonly used K-means clustering algorithm, this paper employs K-medoids clustering, which uses
the most similar actual sample in each cluster as the cluster center. This approach improves upon the former
method, which is prone to getting stuck in local optima.

1) Data Preparation, the original data samples are combined with the synthetic samples generated by
TimeGAN into a single dataset X.

2) Choosing the Number of Clusters k, the appropriate number of clusters is selected using the EIbow
Method by calculating the total sum of squared errors (SSE) for different values of k. As the number of
clusters increases, SSE will continually decrease, but when the number of clusters reaches a certain point,
the rate of decrease in SSE slows down significantly. The point where this slowdown occurs is considered the
optimal number of clusters. The specific calculation formula is as follows,

K
SSE= 3 37 X - el (12)
k=1 i€Cy
3) After determining the number of clusters, the K-medoids algorithm performs the following steps,
(D Initialize the cluster center points,
(2 Assign each data point to the cluster center that is closest to it,
(® Update the cluster center points,
(9 Repeat the above steps until the cluster centers stabilize.

4) To assess the quality of the clustering, the Silhouette Score is used to measure the cohesion of a
sample point with its assigned cluster as well as the distance to the nearest cluster. This score indirectly reflects
the accuracy of the TimeGAN-generated samples. The specific calculation formula is as follows, for a sample
point i,

(D The average distance from sample i to other samples in the same cluster, denoted as a(i), is calculated
as follows,

a(i) =

; (13)

> |xi-X;

Ci| -1 jeCy, j#i

where C; is the cluster that sample i belongs to, |C;| represents the number of samples in the cluster, and
HXi - X; H denotes the Euclidean distance between sample points i and j.
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(@ The average distance from sample i to the nearest cluster, denoted as b(7), is calculated as follows,

N
b(i)= 81;3@];] HXZ-—XJ-

) (14)

(3 The Silhouette Score for sample i, denoted as s(i), is calculated as follows,
N b(i)-a(i)
O (@ ()b ()’

After these preparations, the TimeGAN-based small sample augmentation and data sample quality
evaluation method are described in Algorithm 1.

(15)

Algorithm 1: Integrated TimeGAN-KMedoids analytical framework

Input: Original dataset D,,;, € RT*N
Output: Analysis result

1 Initialize Dy, < @

2 for t< 1toM do

3 z; < N(0,I) x¢ < Gg (21, hi1) Dyn < Dy U {x}

4 end

5 Dexp + DorigU Dy

6  [Initialize K cluster medoids {mg}lki . randomly from D, repeat
7 for x, € D,y, do

8

9

k,,<—1£kSKHxn—m,(ci)|

(i) (i)
, C,’ < Clu{x,}

end
10 for clusterk e {1, ---,K} do
. . N 12
1 ml(<1+1) <~ X € C]((l) ijecl((,-) ‘xn - ml(;) ,
12 end
13 i<—i+1

14 Until max; ‘
15 Compute silhouette score s

16 If s> 0.7 then

17 p< STATISTICALTEST({Ci}y_,) if p<0.05 then

Xy — mIEZ)HZ <&

18 Significant cluster structure detected

19 else

20 Non-significant cluster structure

21 else

22 If 0 <5< 0.7 then

23 While s < 0.7 and iter < max _iter do
24 Re-initialize medoids randomly

Update {C}, {my},s
iter « iter +1

25 end

26 If s > 0.7then

27 Improved clustering

(Continued)
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Algorithm 1 (continued)

28 else

29 Maximum iterations reached
30 end

31 end

2.5 A Whale Optimization Algorithm-Based Neural Network Prediction Model
2.5.1 Convolutional Neural Network-Based Long Short-Term Memory Algorithm (CNN-LSTM)

Convolutional Neural Networks (CNNs), with their superior feature extraction capabilities, are widely
used in time series analysis, especially in revealing the spatial relationships between multidimensional time
series data. This paper proposes a hybrid neural network model combining CNN and LSTM for predicting
the power output of photovoltaic fields. The model first extracts features from the input data using the
CNN module, and then these features are passed as inputs to the LSTM module, ultimately achieving
high-accuracy predictions for photovoltaic power output. The structure of the model is shown in Fig. 5.

Input Layer Convolutional Layer  Pooling Layer ~ Output Layer ~LSTM Layer Fully Connected Layer ~ Output Layer

P— . —— T
LSTM |.

Module

Figure 5: CNN-LSTM model structure diagram

The computation process of the model includes the following steps:

1) The data from the input layer is fed into the convolutional layer for feature extraction. A set of
convolutional kernel functions is defined and applied to the input data for convolution operations. Then, by
adding a bias value and using an activation function, the feature map of this layer is obtained. The convolution
process can be represented by the following equation,

M =f( S M@l + b;), 08)

ieN;

where M! and M!™! represent the i-th feature map of the I-th and (I - 1)-th convolutional layers, respectively,
bj. and w; j represent the bias and weight between the i-th feature map of the I-th convolutional layer and the
j-th feature map of the (I - 1)-th convolutional layer, N; represents the feature map set of the input layer, and
f () denotes the activation function, with the Relu function being selected.

2) The data enters the pooling layer to reduce the feature dimension. Pooling operations help reduce
sensitivity to input deformations. Average pooling is used to replace all values in the pooling region with the
mean value of the region. The calculation can be represented as follows,

P} = f (Bjdown (M]™") + b)), (17)
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where P} represents the j-th feature map of the I-th pooling layer, ﬁ; and bj. represent the multiplicative and
additive biases of the feature map, respectively, down(-) represents the pooling function.

3) The data enters the flattening layer, which is used to “flatten” the input, i.e., transform the multidimen-
sional input into a one-dimensional vector. This step is commonly used as a transition from the convolutional
layer to the fully connected layer. After the features are extracted, the data is then fed into the LSTM module
for prediction training.

4) The neurons in the fully connected layer are fully connected to the neurons in the LSTM hidden layer.
The purpose is to integrate these features and generate the final output. The calculation formula is as follows,

Fl - f( 5 WgN;—ub;.), as)

iel-1

where F Jl represents the j-th neuron of the I-th layer.

2.5.2 Whale Optimization Algorithm-Based CNN-LSTM

The Whale Optimization Algorithm (WOA) is a metaheuristic optimization algorithm that simulates
the hunting behavior of humpback whales. In WOA, each humpback whale’s position represents a potential
solution for photovoltaic power output prediction. By continuously updating the whale’s position in the
solution space, the algorithm ultimately finds the global optimum. The WOA algorithm is used to iteratively
update and search for the optimal network parameters. The algorithm flow is shown in Fig. 6.

Position
initialization phase

!

Compute relevant vectors

t=t+1 I

Update position
[Formula (23)]
Bubble Attack

Update position

[Formula (22)]

Update position [Formula (26)] | [Encircling Prey
Random Search

YES

t<Tmax?

NO

Figure 6: WOA algorithm flowchart
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(1) We first initialize the population N, update the maximum number of iterations T},,, and compute
the relevant vectors with the following equations,

t
a=2x (1— ), (19)
max
A=2a-1-a, (20)
C=21, (21)

where r; and r are randomly generated vectors for each dimension independently, with values ranging from
[0, 1].

(2) Then we introduce the encircling prey phase, the distance calculation formula and position update
are defined as follows,

D=|C-X*(t)-x ()], (22)

X(t+1)=X*(t)-A-D, (23)

(3) Bubble attack phase (spiral update) is proposed to determine the spiral path and conduct the
selection mechanism with the following equations,

)}(t+1)=B-ebl~cos(2ﬂl)+;{*(t), (24)
)?(t+1)=Eq.(23),if(p<o.5) (25)
X (t+1)=Eq.(24),if (p>0.5) (26)

where b is the spiral shape constant, set to 1 in this paper; [ and p are both random numbers, where
I follows a uniform distribution in [-1, 1]; p follows a uniform distribution in [0, 1], determining the position
update method.

(4) When ‘;&‘ > 1, randomly select a whale individual for global search, the random individual distance

and position update are calculated by,

D =‘C- X —X(t)‘, (27)

rand rand

X(t+1)= X -A- D . (28)
rand rand

where X is the position vector of the randomly selected whale.
rand

Based on the above method, we encode the key parameters in the CNN-LSTM model as position vectors

X for parameter optimization, and the specific settings will be discussed in Section 3.
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2.6 Small Sample Photovoltaic Power Prediction Method under Cold-Wave Weather
2.6.1 Prediction Method Framework

This paper presents a model to predict the power output of photovoltaic power plants under cold-wave
weather conditions. The specific steps are as follows, 1) Preprocess the input data. First, unify the time scale
of the NWP meteorological data and power data. Then, classify the data into normal weather samples and
cold-wave weather samples based on the meteorological data. After that, use the Grubbs test to identify
abnormal photovoltaic power output data under normal weather conditions, and perform normalization
after supplementing or removing the data, 2) Use TimeGAN to augment the meteorological and power
data under cold-wave weather conditions. Then, validate the quality of the augmented meteorological and
power data using K-medoids clustering, 3) Build and train the prediction model, and predict the results.
First, select the two most relevant factors—photovoltaic output and total irradiance—as input variables,
forming a hard parameter sharing model for MTL, where the lower-level weights are shared. Then, connect
the shared layer to the CNN module for feature extraction. Next, use the LSTM part for prediction. Finally,
input the test dataset, obtain the prediction results, and perform inverse normalization before outputting the
corresponding curve graph, 4) Use Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R?
to evaluate the model’s error and analyze the results. Validate the performance of this model for photovoltaic
power prediction under extreme weather conditions.

2.6.2 Error Validation

The accuracy of the model is typically reflected by the error between the predicted results and the actual
values. In this paper, the model’s performance is evaluated using indicators such as MAE and RMSE. The
calculation formulas are as follows,

18,
MAE =~ 17 =il (29)
i=1
18
RMSE = ;Z(y,-—y,-)z, (30)
i=1

where y; represents the predicted value, y; represents the actual value, and n represents the number of
prediction sample points.

The level of fit between the predicted results and the actual values can generally be observed visually
through graphs. The coefficient of determination (R*) quantifies the goodness of fit. The calculation method
is as follows,

m (e~ 2
RZ:I—Zizl(yi_yi) 31)

S G-’

where y; represents the mean of the actual values.
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3 Test and Analysis
3.1 Generated Data Analysis

The quantity and quality of the dataset are the most fundamental factors influencing the prediction
results of data-driven models. A total of 32,714 samples were generated from the 1179 cold-wave weather
sample data described in Section 2.2.2 of this paper. After performing quality detection and preliminary
screening of the data using K-medoids clustering, the comparison between the generated data and the
original data values is shown in Fig. 7. From the images below, it can be intuitively seen that the data samples
generated by TimeGAN exhibit a distribution pattern similar to that of the original data samples.
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Real Sequence
—— TimeGAN Sequence
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Figure 7: Comparison of generated data with original data values

To further verify the reliability of TimeGAN in data augmentation under weather sample conditions,
other data augmentation methods that generate more similar data using a small amount of data and prior
knowledge to expand the training dataset are used to address the small sample problem in real-world
scenarios. These methods include Smote-based augmentation and GANSs that learn sample features through
neural networks. By comparing the augmented samples with the validation set, the LSTM neural network
prediction results under different strategies are shown in Table 1.
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Table 1: Comparison of prediction results for different data augmentation methods

Type MAE RMSE R’

Smote 11.35  12.35  0.669
GAN 5.32 6.72  0.768
TimeGAN  4.26 472 0.796

Unlike Smote, which may suffer from overfitting, TimeGAN outperforms traditional GANs when
handling time series data. This is because TimeGAN is specifically designed to learn temporal features,
making it more effective in time series generation and other time-dependent tasks. In conclusion, this
indicates that TimeGAN can effectively learn the meteorological and output characteristics under severe
weather conditions and generate sample data that aligns with the characteristics of real data.

3.2 Prediction Results Analysis

The training and validation of the model used in this study were conducted on the TensorFlow platform.
Firstly, we set the parameters of the WOA optimization model. Besides the parameters of the algorithm
itself, we first impose range restrictions on the relevant hyperparameters of the CNN-LSTM model. These
ranges neither cause search difficulties nor limit the improvement space due to being too small. The specific
parameter settings are as shown in Table 2.

Table 2: WOA model parameter settings

Parameters Population_size Max_iter Learning rate CNN_filters Dropout_rate
Value 30 100 [0.0001,0.01] [16,128] [0.1,0.5]

In this study, the WOA algorithm serves as the outer optimizer. After generating a set of hyperparameter
combinations each time, the TensorFlow platform builds and trains the CNN-LSTM model based on
this hyperparameter combination once, and feeds back the model performance metrics (such as RMSE)
calculated on the validation set as fitness to the WOA algorithm. Subsequently, WOA dynamically adjusts the
position of the whale group based on the fitness results corresponding to each hyperparameter combination,
iteratively searches for a better hyperparameter configuration until the optimization termination condition
is met. Throughout the entire process, hyperparameter optimization and model training are executed in
a nested manner. That is, each hyperparameter update is accompanied by a complete CNN-LSTM model
training and evaluation, thereby achieving continuous improvement of the model performance.

Finally, the optimal Learning_rate was selected as 0.0015 and the optimal CNN_filters as 72 as the
hyperparameter combination of this prediction model.

Furthermore, in order to better reflect the accuracy of the WOA optimization algorithm we used, we
compared it with two other optimization algorithms (GA and PSO). Meanwhile, the optimized CNN-LSTM
model was used for the prediction of the same data set, and the relevant data indicators were compared, as
shown in Table 3.

Based on the modeling described above, the expanded data samples were used for prediction to further
validate the feasibility of TimeGAN for small sample expansion in photovoltaic power prediction under
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severe weather conditions. At the same time, comparisons were made with the other two prediction models,
and the comparison between predicted results and actual values is shown in Fig. 8.

Table 3: Verification of model accuracy under different optimization algorithms

Type MAE RMSE R

GA+CNN-LSTM 4.28 479  0.649
PSO+CNN-LSTM  3.56 432  0.792
WOA+CNN-LSTM 317 429  0.875

T . T z

— Actual Value|

—— WOA-CNN-LSTY

—— RBF-SVR
GA-BPNN
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Figure 8: Comparison of photovoltaic output predictions based on different models

By observing the curve graph, we can intuitively find that the power peak is about 25 MW. When
the power is low, the curve fitting of the three models is high and the prediction error is low. The curve
fitting at the peak is low and the prediction error is the largest, among which the BP model has the largest
curve interpolation.

In addition to the intuitive comparison of the predicted result curves, error metrics can be used to
quantify the accuracy of the models. Since the photovoltaic power output can have values of 0 during
the nighttime, making it impossible to calculate the MAPE value, this metric is not considered. The SVM
decomposition method can sometimes dilute data features, leading to poorer results, so this method is not
considered in this model. The R? values and prediction errors for the three models from the photovoltaic
power station data are shown in Table 4.

From the model perspective, the GA-BPNN model has the lowest fit, followed by the RBF-SVR model,
and the WOA-CNN-LSTM model has the highest fit. According to the MAE and RMSE metrics, the
GA-BPNN model has the largest error. The MAE of the WOA-CNN-LSTM model is reduced by 0.22
compared to the CNN-LSTM model, with a reduction ratio of 6.49%; the RMSE is reduced by 0.49, with a
reduction ratio 0f 10.25%. The WOA-CNN-LSTM model can reduce prediction errors by approximately 30%
compared to traditional neural network models.
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Table 4: Predictions error metrics for three models of photovoltaic power stations

Type MAE RMSE R
TimeGAN+GA-BPNN 6.45 6.89  0.598
TimeGAN+RBF-SVR 3.39 4.78  0.809

TimeGAN+WOA-CNN-LSTM  3.17 429 0875

4 Conclusion

This paper primarily studies the photovoltaic output prediction model based on WOA-CNN-LSTM
under cold-wave weather conditions with small sample sizes. First, TimeGAN was used to generate and
expand the small sample data, and K-medoids was applied to analyze the quality of the generated data.
A horizontal comparison was made between different data augmentation methods, revealing that the
TimeGAN algorithm performs better for small sample expansion of photovoltaic output under cold-wave
weather. Then, a CNN-LSTM prediction model was built, and the WOA algorithm was used to optimize the
hyperparameters of the model. Finally, the dataset and validation set were divided to verify the accuracy of
the model. The results showed that the WOA-CNN-LSTM model performs better than other neural network
prediction methods for few-short photovoltaic output prediction under cold-wave weather, providing a
practical and reliable prediction method.

The experimental results demonstrate that our algorithm effectively addresses the issue of small sample
prediction under extreme weather conditions, and by using the optimized neural network algorithm for
prediction, the accuracy of the model is improved. Looking ahead, the prediction of new energy photovoltaic
output under extreme weather conditions holds immense potential. With the development of technology, we
expect this field to continue advancing, adapting to new challenges and opportunities, and revolutionizing
various industries while enhancing our daily lives.
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