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Abstract: To overcome the limitations of spatiotemporal feature extraction that are inherent
in conventional lightning warning algorithms relying solely on temporal analysis, we
propose a novel prediction framework integrating a Graph Convolutional Network (GCN),
Long Short-Term Memory (LSTM) architecture, and a multi-head attention mechanism. The
methodology innovatively constructs station adjacency matrices based on geographical dis-
tances between meteorological monitoring stations in Qingdao, Shandong Province, China,
where GCN layers capture inter-station spatial dependencies while LSTM units extract
localized temporal dynamics. A dedicated multi-head attention module was developed to
enable adaptive fusion of global spatiotemporal patterns, significantly enhancing lightning
warning level prediction accuracy at target locations. The GCN-LSTM model achieved
93% accuracy, 59% precision, 64% recall, and a 59% F1 score. Experimental evaluation
on operational meteorological data demonstrated the model’s superior performance: it
achieved statistically significant accuracy improvements of 6% (p = 0.019), 3% (p = 0.026),
and 2% (p = 0.03) over conventional LSTM, TGCN, and CNN-RNN baselines, respec-
tively. Comprehensive assessments through precision—recall analysis, confusion matrix
decomposition, and spatial generalizability tests confirmed the framework’s robustness.
The key theoretical advancement introduced by this study lies in the synergistic coupling
of graph-based spatial modeling with deep temporal sequence learning, augmented by
attention-driven feature fusion—an architectural innovation addressing critical gaps in
existing single-modality approaches. This methodology establishes a new paradigm for
extreme weather prediction with direct applications in lightning hazard mitigation.

Keywords: graph convolutional network; long short-term memory network; attention
mechanism; lightning warning; spatiotemporal characteristics

1. Introduction

Lightning is a strong local convective weather phenomenon [1]. It typically occurs
between clouds (intra-cloud, or IC, lightning) or between clouds and the ground (cloud-to-
ground, or CG, lightning) and is recognized as one of the ten most severe natural disasters
worldwide. Lightning disasters are often accompanied by heavy rain, severe storms, hail,
and other intense convective weather, generating powerful currents, extreme temperatures,
and intense electromagnetic radiation [2—4]. These effects can cause significant damage
to buildings, distribution systems, and electronic devices and can even trigger forest fires
and explosions in oil fields and chemical plants, leading to substantial economic losses and
casualties. With rapid social and economic development relying on information technol-
ogy, lightning disasters have become a major public hazard in the information age [5-7].
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However, it is difficult to predict lightning events and prevent them in advance because of
suddenness and randomness of lightning events, often resulting in unavoidable economic
losses and threats to life. Nevertheless, as people’s understanding of the mechanisms of
lightning deepens, an increasing number of proactive lightning protection technologies
have been applied in real scenarios [8,9]. They can provide early warning solutions before
lightning strikes, reducing or even eliminating economic and life losses. The study and ap-
plication of proactive lightning protection measures are providing more effective solutions
to mitigate the impacts of lightning hazards.

Devices commonly used for detecting lightning include atmospheric electric field
instruments, meteorological radar, and lightning locators [10]. Existing research primarily
focuses on utilizing traditional meteorological observation data and physical models to
predict lightning occurrences [11-14]. However, it is important to note that the generation
of lightning involves complex nonlinear processes such as charge accumulation, convec-
tive activity, and breakdown discharge. These physical phenomena exhibit irregularity
in their spatial distribution and display instantaneous, sudden temporal characteristics.
Current physical models often require simplifications of atmospheric dynamics and charge
distribution to simulate these complex processes, which limits their ability to accurately
capture changes in localized meteorological phenomena. Statistical methods [15] primarily
predict events by summarizing physical laws from historical observational data, and they
also require an in-depth understanding of the subject matter being statistically forecast.
However, lightning events are highly random and uncertain, and relying solely on his-
torical data often fails to achieve a high accuracy rate. In addition, traditional machine
learning methods [16,17] rely on a deep understanding of the data and domain for model
training, requiring manual intervention in selecting features. However, the importance of
features in lightning activity changes over time, and traditional machine learning methods
cannot adaptively handle these important features dynamically. Manual preprocessing and
cleaning of lightning data are not only time-consuming but also prone to human errors that
can compromise data quality. It was not until the emergence of deep learning that it became
possible to automatically learn and extract features through a multi-layered structure, with-
out the need for manual design or selection of features. This reduces the reliance on expert
knowledge and enables direct learning of complex and abstract feature representations
from raw data, overcoming the drawbacks of manual feature selection inherent in tradi-
tional machine learning. However, current research predominantly utilizes a single model
(such as LSTM) for lightning prediction and fail to adequately extract spatial features from
the data. Moreover, most studies focus solely on data from a single monitoring station
during model training, neglecting the influence of surrounding stations, thereby limiting
the model’s performance in spatial dimensions. In order to address these challenges, we
propose a spatiotemporal feature extraction model and introduce an attention mechanism
to enhance the model’s ability to perceive global features, enabling it to dynamically select
the most relevant information at each time step.

In summary, our contributions are as follows:

*  Extracting spatial features from non-Euclidean lightning data through graph convolu-
tion operations, overcoming the limitations of traditional models in handling spatial
data from stations;

¢ Innovatively combining GCN and LSTM to effectively enhance the model’s spatial
feature extraction capabilities and time series modeling abilities;

¢ Introducing an attention mechanism that processes different parts of the sequence at
varying levels, thereby comprehensively extracting the global features of the data.

The remainder of this paper is organized as follows: Section 2 reviews related work.
Section 3 discusses relevant technologies. Section 4 describes the data sources. Section 5
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defines the problem and the system model. In Section 6, we present the experimental
results and analysis. Finally, Section 7 concludes the paper.

2. Related Work

The non-stationarity and high complexity of lightning data render traditional predic-
tion methods inadequate for accurately capturing the long-term dependencies associated
with lightning occurrences and the intricate interactions among various meteorological
elements. Consequently, these methods fail to extract advantageous features from non-
stationary data, which results in limited accuracy of prediction models. This limitation
persisted until the advent of deep learning techniques [18], which are adept at managing
complex nonlinear relationships, discerning dependencies in extensive time series, and
extracting valuable features from high-dimensional data.

Riyang Bao et al. [19] proposed an integration of the LSTM network with the ordi-
nary kriging algorithm for inputting the electric field time series data measured by an
atmospheric electric field instrument into the LSTM network for training; they employed
ordinary kriging interpolation to interpolate data from the network site, thereby obtaining
the electric potential distribution, enabling relatively accurate predictions of the areas
where lightning strikes may occur. In addition, Riyang Bao et al. [20] proposed a method
for spatiotemporal localization of lightning by integrating the enhanced ResNet50 model
with an MLP neural network. A sparse autoencoder was employed to extract time series
data features from multiple electric field measurement points to construct visual images,
and then a multilayer perceptron was used to determine the precise locations of lightning
occurrences. Xu Yang et al. [21] proposed a lightning prediction method based on Convolu-
tional Neural Networks (CNNs) and Bi-directional Long Short-Term Memory (Bi-LSTM)
networks, where atmospheric electric field signals are first decomposed using BEADS to
obtain denoised signals, which are subsequently processed by a CNN to extract spatial
features. An atmospheric electric field signal prediction model was then established uti-
lizing Bi-LSTM. The experimental results indicated that the model significantly enhanced
lightning prediction accuracy. Tao Guo et al. [22] utilized atmospheric electric field data
in conjunction with lightning localization data to label positive and negative samples for
assessing the occurrence of lightning during atmospheric electric field fluctuations. An
LSTM network was employed to analyze and predict these time series data. Experimental
results demonstrated that this direct prediction method achieved high accuracy within
a short time frame. Mingyue Lu et al. [23] proposed a Residual Network (ResNet) for
lightning monitoring with multi-source spatial data based on deep learning and compared
its performance with that of GoogLeNet and DenseNet. The proposed system achieved
significant output by applying stepwise sensitivity analysis and one-factor sensitivity anal-
ysis. Ling Fan et al. [24] introduced a 3D U-Net-based Light3DUnet model to simulate
cloud-to-ground (CG) and intra-cloud (IC) lightning activities for ground-based proximity
forecasting. Yang et al. [25] proposed a thunderstorm identification method based on an
amalgamation of the shrapnel distribution region’s area and meteorological radar reflectiv-
ity. The method was tested on 312 thunderstorms during 17 weather processes in Nanjing,
and the identification parameters were optimized to enhance efficiency in thunderstorm
identification for forthcoming forecasts. John et al. [26] developed ‘LightningCast’, a CNN-
based system for forecasting approaching thunderstorms. The system was trained on
geosynchronous satellite data and deployed for comprehensive lightning activity analysis.
Its primary feature is the transformation of voluminous satellite imagery data into precise
predictions, demonstrating robust forecasting capabilities. Zhou H et al. [27] proposed an
encoder—decoder architecture system, LightningNet, based on multi-source observation
data; LightningNet is capable of predicting the approach of lightning by integrating six
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infrared bands’ brightness temperatures, synthetic reflectance, and ground flash densi-
ties from the Himawari-8 satellite as predictive factors. Test results demonstrated that
LightningNet exhibited strong performance in lightning forecasting within the first hour,
particularly when utilizing data from all three sources, outperforming models based on
single- or dual-source data significantly.

Although the aforementioned studies have made certain progress in the field of
lightning prediction, most are based on a singular prediction model, which may not
optimally utilize the spatial and temporal dimensions inherent in the data. Moreover,
even though some models employ multi-source data, they often exhibit limited flexibility
and efficiency in the extraction and utilization of features, thereby hindering adaptive
recognition and exploitation of crucial spatiotemporal features in lightning prediction.

3. Methods

To systematically address the challenge of lightning prediction, our approach com-
bines spatiotemporal data processing with a deep learning architecture. As shown in
Figure 1, from data acquisition to prediction generation, there are three consecutive stages:
data preprocessing, model training, and prediction generation. This structured workflow
ensures an efficient fusion of spatial and temporal features essential for accurate forecasting,
while the modular design allows adaptation to different meteorological scenarios.

1§ 8 %ﬁ
Monitoring 1 Monitoring 2 Monitoring 3
Data Pool

Data l[: Model Training ll: Predictions

Preprocessing

Figure 1. Method workflow diagram.

3.1. GCN Model

A GCN is a kind of convolutional neural network suitable for processing graph-
structured data [28-30]. The core purpose of GCNs is to use graph convolution to extract
spatial features of graph data with non-Euclidean structures. For a graph G = (V, E, A), the
input signal X and output signal Y, the processing f performed by the GCN network can
be defined as

f(X,A) =Y 1)

where V denotes the number of nodes of the graph, while E denotes the set of edges of the
graph, A is the adjacency matrix of the graph, and the element A;; in the matrix A denotes
the connectivity between nodes V; and V; in the graph G. The forward propagation formula
for the GCN is notated as
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where A is the adjacency matrix after joining the closed loop; D is the diagonal matrix; H'’
denotes the output value of first layer; X is the identity matrix, H? = X; o(-) denotes the
activation function; and W! denotes the parameter value of the first layer.

3.2. LSTM Model

A Bi-LSTM network is a variant of RNN architecture that comprises a backward and
a forward LSTM network, both connected to the same input layer [31,32]. By integrating
the information from both directions, Bi-LSTM can more comprehensively explain and
represent the sequence data. The structure of the Bi-LSTM network model is shown in
Figure 2. The output at time t of the Bi-LSTM is calculated as follows:

Z)t = LS—TM(Z)FLXt/ ﬁtq),t €[1,T] 3)
3?t::f?ﬁﬁﬁ(ﬁfp4,xh??b4),te 1,7] @)
ht:o(mh[ﬁh?}]+ba (5)

where h t—1 and ?t 1, respectively, represent the hidden state and Cell state of the input
point at moment t-1 in the forward LSTM layer, while h t—1 and C t—1, respectively,
represent the hidden state and cell state of the input point at moment t in the reverse LSTM
layer. W}, and by, are the weight matrix and bias term, respectively.

Yo ¥1

Figure 2. Bi-LSTM network structure.

3.3. Multi-Head Attention

An attention mechanism is a mechanism used for sequence modeling and feature ex-
traction. A multi-head attention mechanism [33,34] can learn richer and more diverse data
representations by integrating multiple parallel single-head self-attention modules. The
structure of a multi-head attention mechanism is shown in Figure 3. The implementation

si = F(Q,ki) (6)

exp(s;) 7
Ly exp(s) 7

steps are as follows:

a; = softmax(s;) =

N
Attention = (K, V), Q) = Y_ ajp; 8)
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Figure 3. Multi-head attention mechanism.

First, calculate the similarity s; between the query and the key. Then, use the softmax
function to numerically transform the similarity s; into weight coefficients ;. Finally, use
these coefficients «; to calculate a weighted sum of the values.

3.4. GCN-LSTM-Attention

Lightning is highly localized in three-dimensional space and is produced by the
accumulation of electrical charges within a cloud or between the cloud and the ground.
Therefore, the intensity of the field strength varies with distance at the time of lightning
generation. Constructing an adjacency matrix based on the distance between the detection
sites can precisely represent the weight of the field strength influenced by the distance
factor. Meanwhile, the randomness and short duration of lightning often result in high
frequency during data collection. Therefore, to capture the characteristic relationships
between each data element in the sequence, the LSTM network with a long-term memory
function is used. In addition, due to the unsteady nature of lightning data, measures were
needed to enable the model to concentrate on significant features. In this study, an attention
mechanism is introduced to enhance the model’s ability to perceive global features in order
to predict the probability of lightning and classify its intensity levels. The model mainly
includes three modules: a spatial feature extraction module, a temporal feature extraction
module, and a multi-head attention module. The overall structure of the model is shown in
Figure 4.

Spatial feature extraction module. The module consists of two layers of GCNConv
designed to build an adjacency matrix based on the geographical location of the monitoring
site, thus assigning a connection weight matrix to each data point. This distance-based
adjacency matrix provides the GCN module with an intuitive representation of the spatial
relationship between sites, which helps the model capture spatial features better.
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Figure 4. GCN-LSTM-Attention structure.

To construct the GCN, the adjacency matrix and data features are input into the
network, and information on nodes and their adjacent nodes is processed by the two-layer
GCNConv, so as to effectively extract the spatial features of the data. ReLU functions are
used to introduce nonlinearity and enhance the expressiveness and generalization ability
of the model. The feature extraction calculation process of the spatial feature extraction
module is shown below:

A=A+1 9)
A=D"1AD} (10)
D= ZZU (11)

)
H = o (AHOWO) (12)

where dl-]- denotes the Euclidean distance between nodes i and j; Lat; and Lat]- denote the
latitudes of node i and node j, respectively; c and b denote the differences in longitude and
latitude of node i and node j, respectively, with ¢ = Long; — Long; and b = Lat; — Lat;; R
represents the radius of the earth; w € [0, 1] represents the weight coefficient; a;; represents
the influence of node i on node j’s degree of influence; A € RNXN ‘which consists of the
elements a;;; A is the original adjacency matrix, which represents the connectivity between
all nodes in the graph; and I represents the unit matrix, which is used to add the closed
loop in A.

Temporal feature extraction module. The module consists of two layers of Bi-LSTM.
Since the output of the GCN is a 2D eigenmatrix and the LSTM requires 3D input, we use
the view method in the PyTorch framework (v1.13.1) to convert the N x D 2D output of
the GCN into 1 x N x D 3D data. Bi-LSTM enhances the model’s understanding of time
series data by considering past and future information to more fully capture the dynamic
changes and long-term dependencies of the data.

Multi-head attention module. The module is utilized to handle the high non-linearity
in thunderstorm data by focusing on different parts of the input sequence, thus extracting
features at various levels. For each attention head, the input feature matrix x € R"*? is
used. Initially, the scores are computed by taking the dot product of X and the weight
vector w € RY of that head: scores = w x X. Subsequently, the softmax function is applied
to normalize these scores: weights=softmax(scores). Finally, the weighted sum is calculated
to produce the output of the head: output = Y (weight x X) . After processing by all heads,
the outputs are concatenated to form a comprehensive feature representation.

3.5. Indicators for Model Evaluation

To validate the GCN-LSTM model for lightning prediction, this study employs pre-
cision, recall, and the F1 score to assess the overall predictive performance of the model
and analyzes the predictive effectiveness of the model across each category via a confusion
matrix heatmap.
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Precision represents the proportion of samples that the model predicts to be positive
that are actually positive. The calculation formula is
TP
Precision = ———— 1
recision = - ~FD (13)
where TP represents the number of samples that are actually positive and correctly pre-
dicted to be positive; FP represents the number of samples that are actually negative but
are incorrectly predicted to be positive.
Recall represents the proportion of samples that are actually positive that the model
correctly predicts to be positive. The calculation formula is
TP
Recall = TPLEN (14)
where FN represents the number of samples that are actually positive classes but are
incorrectly predicted to be negative classes.
The F1 score is the harmonic average of the accuracy rate and the recall rate, designed
as a balanced reflection of both accuracy and recall. The calculation formula is
Precison x Recall

F1=2 1
% Precison + Recall (15)

Confusion Matrix: The distribution between the predicted results of the model and
the actual labels is displayed in the form of a matrix, helping to analyze the prediction
performance of the model in different categories.

4. Case Study
4.1. Study Area

Qingdao is located on the eastern coast of Shandong Province, with geographical
coordinates roughly between 119°30" and 120°40’ east longitude and 35°35" and 37°09
north latitude. It is situated on the shore of Jiaozhou Bay, bordered by the Yellow Sea
to the east, Jiaozhou Peninsula to the north, Weifang to the west, and Rizhao City to the
south, establishing it as a crucial seaside and port city. Qingdao’s geographic location is
characterized by a unique maritime climate. In the summer months of July and August,
due to the oceanic climate, the warm and humid airflow easily forms convective clouds
when meeting the cold air on land, thus leading to the occurrence of thunder and lightning.
The geography of the study area is shown as a map in Figure 5.

4.2. Data Sources

In this study, the data set used was derived from three monitoring stations affiliated
with the Qingdao Meteorological Bureau in Shandong Province, China, from 8 August 2018
to 13 August 2018, with one-minute sampling intervals. The main data type is atmospheric
electric field intensity, recorded in time series format, and each time point contains key
variables such as electric field intensity and average electric field intensity. The data
collection equipment is a high-precision atmospheric electric field instrument, which can
monitor and record the changes in the atmospheric electric field in real time.

The electric field data from the monitoring stations, as shown in Figure 6, display
monitoring values captured at a high sampling frequency in a single day. It is evident
that lightning activity is marked by frequent alternations between positive and negative
field strengths, with oscillation trends demonstrating periodicity throughout the day. This
suggests that lightning activity is likely closely associated with movement of and changes
in of thunderclouds, which produce significant fluctuations in the atmospheric electric
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field. These fluctuations reflect the dynamic charge movements and interactions within the
thunderclouds, thereby demonstrating significant instability and nonlinearity. Therefore,
more accurate predictive models are required to reasonably forecast extreme thunderstorm
weather and mitigate the potential negative impacts it may cause.
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Figure 5. Geographical overview map of the study area.
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Figure 6. Field Strength on 8 August 2018.

5. Experiment
5.1. Data Processing

In this study, in order to ensure the integrity and accuracy of the data, we carefully
pre-processed the original data. Firstly, we used the linear interpolation method to fill in
the small number of values that were missing from the data due to equipment failure or
external factors. Specifically, taking time as the horizontal axis and using several valid
data points before and after the missing data points as references, each missing value was
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estimated by constructing a linear equation to ensure the continuity of the data. For the
detected outliers, we made corrections according to the actual distribution characteristics
of the data and the actual situation of the monitoring site. For example, if the electric
field strength data of a monitoring site deviates significantly from the normal range of
maximum or minimum value, we made reasonable corrections to the outlier by analyzing
the data from surrounding sites during the same period and combining the meteorological
conditions and equipment operating status at that time, so as to ensure the authenticity
and reliability of the data. In addition, in order to eliminate the dimensional differences
between different eigenvalues and help the model to learn the underlying relationships in
the data more efficiently, we carried out linear normalization of the data. The Min-Max
scaling method was used to map each eigenvalue to the interval [0, 1].

After preprocessing, the dataset was partitioned into a training set and a test set.
Specifically, 80% of the dataset was designated for the training set to ensure that the
model underwent sufficient training and could accurately capture the data patterns. The
remaining 20% of the dataset was used as a test set to evaluate the model’s generalization
ability and performance on unseen data. Through this preprocessing and data splitting
strategy, we aimed to maximize the model’s prediction accuracy and ensure its stability
and reliability in practical applications.

5.2. Choice of Loss Function

The intense, transient, localized, and random characteristics of thunderstorms result
in an extremely irregular distribution of collected data samples. The distribution of site
data samples is shown in Table 1.

Table 1. Sample quantity distribution of lightning activity levels (Levels 0-3) across meteorological

stations.
Site Level 0 Level 1 Level 2 Level 3
Site 1 7757 390 343 150
Site 2 8274 327 28 11
Site 3 8258 348 27 7

The general loss function allocates equal attention to all sample categories, resulting
in a disproportionate contribution of easy-to-categorize samples to the total loss, and fails
to efficiently compute the minority samples. Therefore, this paper employs the Focal
Loss function, which is explicitly designed to tackle class imbalance. By diminishing the
influence of the majority class and augmenting the model’s capacity to learn from the
minority class, the Focal Loss function facilitates improved performance. The formula is
as follows:

FL(p:) = —ar(1 — pi)"log(p:) (16)

Here, p; represents the predicted probability that a sample belongs to the true class; «;
is the balancing factor, which aims to control the weight of each sample class to ensure that
the class distribution becomes more balanced; and <y is the modulating factor, designed to
reduce the loss of easily classified samples, thereby allowing the model to focus more on
those hard-to-classify samples.

5.3. Hyperparameter Setting

Hyperparameters have a significant impact on the performance of a deep learning
model. Generally, hyperparameters are not directly adjustable via conventional optimiza-
tion methods such as gradient descent. Instead, they necessitate iterative experimentation
and the application of expert knowledge to continually optimize and identify the optimal
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combination. For the GCN-LSTM model structure proposed in this paper, we employed the
generalization error derived from the test set as the evaluation metric. Through an iterative
process, we meticulously fine-tuned several key hyperparameters (such as learning rate,
hidden layer size, batch size, and optimizer) to find the optimal combination. The final
hyperparameter settings are shown in Table 2.

Table 2. Hyperparameter settings.

Hyperparameter Value
optimizer Adam
Learning rate 0.001
batch_size 64
Epoch 50
Dropout 0.2
Lo 1
0% 3.8

5.4. Experimental Process

From a single lightning weather event, the formation of lightning and the movement
of thunderstorm clouds make lightning activity exhibit clear spatial characteristics. Owing
to the diurnal variations in lightning weather, the occurrence time, electric field strength,
and average electric field strength show significant temporal characteristics. Therefore,
lightning weather contains both spatial and temporal features. The prediction of lightning
weather can thus be transformed into a spatiotemporal sequence prediction problem. In
this study, taking Qingdao as the study area, the problem is defined as follows:

Definition 1 (Constructing the Lightning Weather Network Graph). Assume that there are
N atmospheric electric field monitoring stations deployed in the city, and represent the lightning
weather network graph as G = (V, E, A), where A € R. Each node records features such as
electric field strength and average electric field strength. E represents the edge set, where an edge is
established between two nodes if there is a relationship between them. A € RN*N is the weighted
adjacency matrix of graph G, which represents the strength of the relationship between two nodes. In
order to more intuitively understand the spatial relationship between the sites, we drew the adjacency
matrix heatmap based on the distance between the sites, as shown in Figure 7. The distance between
different weather stations is indicated by the depth of the color: the darker the color, the greater the
distance. The calculation process for adjacency matrix construction is shown below:

b
dij = 2R x arcsin \/sin2 % + cos(Lat;) cos(Lat;) sin? ol (17)

1 .
WX 7=, XF]
ajj = Y

0, i=j

(18)

Definition 2 (Lightning Level Probability Prediction). Each station collects target feature
data at reqular intervals, considering a monitoring period containing T time intervals. The
lightning data collected at all stations can be represented as a matrix Y € RN*T. Due to
the numerous features of the lightning data, F is used to represent the number of features col-
lected at each station. The feature data collected at all stations form a three-dimensional dataset
X € RNXTXE where Xijx represents the value of feature k collected at time j from monitor-
ing station i. Specifically, the model utilizes the historical data X; = (X}, X?,..,XN) € RV,

X = {Xi,]-,k|1 CIKNE-TH+1<<j<L1<k< F} collected from each station over the past
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T time steps to predict the lightning level y; ;.1 at the next time step for station i, which can be
expressed as

Yirr1 = F(Xt) (19)

where F represents the model that predicts y; ;1 based on the data X;.

Adjacency Matrix Heatmap Based on Inter-Station Distances
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Figure 7. Adjacency matrix heatmap.
The settings of relevant parameters of the model are shown in Table 3.

Table 3. Model parameters.

Model Layer Hidden Unit Output Feature
GCNL_1 256 256
GCN_2 512 512
LSTM_1 256 512
LSTM_2 512 1024

Attention Heads 1024 4096
FC - 4

6. Results and Discussion
6.1. Classification Comparison

In order to display the predictive performance of each model more intuitively, this
paper uses the confusion matrix heatmap for visual display, as shown in Figure 8. For the
case of no lightning (Level 0), the TGCN and GCN-LSTM models had little difference in
prediction effectiveness, correctly predicting 4659 and 4625 samples, respectively. Similarly,
the LSTM and CNN-RNN models also showed slight differences in validity, correctly
predicting 4546 and 4565 samples, respectively. For Level 1, the CNN-RNN model out-
performed the other models, correctly predicting 126 samples—11, 22, and 13 more than
the LSTM, TGCN, and GCN-LSTM models, respectively. For Level 2, the CNN-RNN and
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GCN-LSTM models predicted eleven samples each—eight and six more than the LSTM
and TGCN models, respectively. At Level 3, the GCN-LSTM model had the best predictive
performance, correctly identifying four samples. For the occurrence of lightning phenom-
ena (Levels 1-3), although the other three models (LSTM, TGCN, CNN-RNN) showed
certain forecasting ability at some levels, they were ineffective at forecasting the most severe
(Level 3) lightning activity. In contrast, the GCN-LSTM model had obvious advantages
in dealing with complex temporal and spatial characteristics and could predict the occur-
rence of lightning events more accurately on the basis of comprehensive consideration of
temporal and spatial characteristics.
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Figure 8. Confusion matrix heatmap.

6.2. Performance Comparison

In order to verify the validity and accuracy of GCN-LSTM coupling model for thun-
derstorm weather prediction more intuitively, two single models and one coupled model
were established at the same time for experimental comparison. The specific results of
model evaluation are shown in Table 4. Figure 9 shows the performance of different models
as measured by four indicators—accuracy, accuracy, recall, and F1 score—in the form of
radar charts. It can be seen from the table that a single model has certain limitations in
predicting performance. Although LSTM models perform well in time series modeling,
they are limited in capturing spatial features, resulting in poor overall predictive perfor-
mance compared to coupled models. In contrast, the GCN-LSTM coupling model achieves
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significantly improved prediction performance by combining the spatial feature extraction
capability of GCN and the time series modeling capability of LSTM. Specifically, the GCN-
LSTM model was improved in accuracy by 3% compared to the single TGCN model, 6%
compared to the single LSTM model, and 2% compared to the coupled CNN-RNN model.
In terms of F1 scores, the GCN-LSTM model was also improved by 19%, 2% and 3% over
the single TGCN, LSTM and coupled CNN-RNN models, respectively. These results show
that the GCN-LSTM model has obvious advantages in handling lightning prediction tasks.
The reason is that the GCN module can effectively capture spatial correlations between
meteorological stations, the LSTM module can capture long-term dependencies of time
series data, and the attention mechanism can dynamically focus on key features of the data
to improve the sensitivity of the model to important information. This combination enables
the GCN-LSTM model to explain and predict the temporal and spatial characteristics of
lightning activity more comprehensively.

LSTM LST™
6 Precision 68 Recall Rate

GCN-LSTM — << ————— TGN GCN-LSTM TGCN
CNN-RNN CNN-RNN
(a) Precision (b) Recall
LST™ LST™
a1 Accuracy m‘ [ 1 F1 Score|
GON-LSTM TGCN GON-LSTM —— o —————————— TGCN
CNN-RNN CNN-RNN
(c) Accuracy (d) F1 Score

Figure 9. Comparison of performance metrics among different models. Each panel illustrates a

different performance metric.

Table 4. Comparison of evaluation indexes of each model.

Model Accuracy Precision Recall Rate F1 Score

TGCN 90% 50% 51% 40%

LSTM 87% 59% 58% 57%
CNN-RNN 91% 55% 65% 56%

GCN-LSTM 93% 59% 64% 59%
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In practical applications, this performance improvement is of great significance. More
accurate lightning prediction can help meteorological departments to issue warnings in
a more timely manner, giving the public and relevant departments more time to take
protective measures, so as to effectively reduce the economic losses and casualties caused
by lightning disasters. For example, predicting lightning activity in advance can guide
the power department to arrange line inspection and maintenance reasonably to prevent a
widespread power outage from being caused by lightning strikes. It can also help aviation
departments optimize flight plans and reduce flight delays and safety incidents caused by
lightning activity.

7. Conclusions

Lightning is often accompanied by heavy rain, hail, and other strong convective
weather; thus, accurate prediction of lightning conditions enables timely and effective
preventive measures. This study thoroughly analyzes the stochastic and transient charac-
teristics of lightning occurrence, leveraging deep learning principles. It integrates a Graph
Convolutional Network (GCN) with a Long Short-Term Memory (LSTM) network, yielding
a proposed GCN-LSTM model enhanced by an attention mechanism. This model fully
utilizes the spatial extraction capabilities of the GCN for graph structural data features
and the temporal extraction capabilities of the LSTM network for sequential data features.
It incorporates an attention mechanism that dynamically adjusts the model, effectively
addressing data imbalance issues and enhancing focus on critical sample classes. The exper-
iments demonstrate that the proposed GCN-LSTM model achieves a lightning prediction
accuracy of 93%, with precision and recall rates of 59% and 64% respectively, outperforming
baseline models by 2-6% in accuracy. These results prove the effectiveness and reliability
of the integrated model in giving early warnings of lightning activity, providing new ideas
and methods for lightning prediction. The model can help farmers and foresters take
precautions against lightning-induced losses, such as protecting crops and preventing
forest fires. Moreover, the model has good portability and adaptability and can be adapted
and applied to other regions with different climatic conditions and lightning patterns. For
future research, further exploration can be performed by combining real-time meteorologi-
cal data such as weather radar and satellite data, as well as incorporating physical models
or integrated learning methods, which may produce better performance.
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