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Abstract Lightning activity is characterized by abrupt occurrence, strong spatial heterogeneity, and highly variable intensity, and traditional empirical
methods are difficult to meet the needs of refined lightning warning. In this paper, the Ulanqab region was selected as the study area. VLF/LF lightning
location data and ERAS reanalysis data collected during the summers of 2020 — 2022 were used, and a lightning intensity level prediction model was con-
structed. Based on the environmental conditions of lightning occurrence, nine key predictors were selected from 25 environmental factors, including chim-
ney index, total totals index, K index, 0 —6 km of vertical wind shear, deep convection index, uplift condensation height temperature, dew point temper-
ature,, 700 hPa of pseudo equivalent temperature, and precipitable water vapor. Four machine learning methods, namely gradient boosting, random for-
est, neural network, and logistic regression, were used to establish a five-level lightning intensity classification model for weak, moderate, strong, very
strong, and extreme lightning. The results showed that the gradient boosting model had the highest comprehensive score of 0. 173 7, and performed the
best in terms of average CSI, overall ACC, and comprehensive prediction ability. The DeLong test results indicated that the overall performance of gradi-
ent boosting was significantly better than other models (P <0.05). Using the typical lightning process during August 18 —20, 2024, a 72-hour historical
simulation and EC business prediction verification were conducted. The results showed that the model can better reflect the changes in lightning activity

intensity and spatial evolution patterns, and has the business forecasting application capability.
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Lightning is one of the most important manifestations of se-
vere convective weather, characterized by strong suddenness,
small spatial scale, and high disaster risk'''. With the rapid de-
velopment of new energy, power facilities, and major engineering
construction, increasing demands have been placed on refined mo-

31 Traditional

nitoring and early warning of lightning activity ”
lightning prediction mainly relies on weather situation analysis,
empirical indicators, and physical parameter threshold judgment,
which has certain limitations in complex nonlinear environ-

ments 4]

. Machine learning methods can utilize a large amount of
historical meteorological data to mine the nonlinear relationship
between environmental variables and lightning activity, providing
a new technological approach for objective lightning predic-

. [5-10]
tlon[

This study focused on the characteristics of lightning
activity in the Ulanqab region. Based on historical lightning loca-
tion data and ERAS reanalysis data, a multi model lightning inten-
sity level prediction method was constructed. The optimal algo-
rithm was determined through model performance comparison, and
verification was conducted by combining ERAS historical simula-
tion and EC business forecast data, providing technical support for

refined business prediction of lightning.
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1 Data and methods
1.1 Data materials Lightning data were obtained from VLF/
LF lightning location data from Ulangab area, including informa-
tion such as lightning occurrence time, latitude and longitude, po-
larity, and current intensity. The meteorological and environmen-
tal data used ERAS hourly reanalysis data, including variables
such as temperature, humidity, wind field, and geopotential
height. During operational forecasting, EC numerical forecast data
were used as future environmental input.

1.2 Classification of lightning intensity levels
the local standard of Inner Mongolia ( DB 15/T 2747 —-2022) , the

cloud-to-ground lightning intensity was divided into five levels:

According to

weak , moderate, strong, very strong, and extreme lightning using
the percentile method. A classification prediction model was es-
tablished between environmental parameters and lightning intensity
level.

1.3 Screening of key convective parameters Based on the
thermal , water vapor, and dynamic conditions of thunderstorm oc-
currence, Pearson and Spearman correlation analysis and feature
importance evaluation were conducted on 25 environmental param-
eters. Finally, 9 key convective parameters were selected:; chim-
ney index (CHIMNEY ) , total totals index (TT), K index, deep
convection index (DCI), lifting condensation level temperature
(LCLT), dew point, 700 hPa of equivalent temperature, precipi-
table water (PW ), and O — 6 km of vertical wind shear
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(SHRO06) , covering three dimensions; thermal instability, water
vapor conditions, and dynamic conditions.

1.4 Construction and evaluation of lightning intensity pre-
diction model Four machine learning models were developed
using random forest, gradient boosting (implemented using Light-
GBM), neural network, and logistic regression algorithms. The
models were trained using time series cross validation, and hyper-
parameters were optimized using Bayesian optimization. The evalu-
ation indicators included probability of detection (POD), false
alarm rate (FAR), critical success index ( CSI), accuracy rate
(ACC), and overall business score. Among them, CSI was used
to evaluate the consistency between predicted results and actual

situations.

2 Model performance analysis

As shown in Table 1, the gradient boosting model had the
best comprehensive prediction ability, with advantages in average
CSI, overall ACC, and comprehensive business score. Different
models had certain differences in lightning intensity level. But
from a business application perspective, it was necessary to com-
prehensively consider the recognition ability, stability, and gener-
alization ability of each level. Therefore, gradient boosting was ul-
timately determined as the business prediction model for lightning
intensity. The DeLong test results showed that the overall perform-
ance of gradient boosting was significantly better than other models
(P <0.05), with only insignificant difference in the extreme
lightning compared to some models. These results suggested that
there was still improvement room for predicting extreme lightning
events due to the small sample size. The analysis of feature impor-
tance showed that parameters such as CHIMNEY, LCLT, and
SHRO6 contributed significantly, indicating that thermal instabili-
ty, water vapor supply, and dynamic uplift jointly affected chan-

ges in lightning intensity.

Table 1 Comprehensive evaluation results of four models

Business

Average Overall . Overall

Model weighted .
CSI ACC R rating
rating

Gradient boosting 0.128 3 0.266 4 0.141 4 0.173 7
Random forest 0.127 2 0.257 5 0.1415 0.170 6
Neural network 0.1322 0.254 0 0.1351 0.169 6
Logistic regression 0.102 0 0.193 6 0.107 2 0.1311

3 Historical case simulation and business pre-

diction verification

3.1 ERAS historical simulation verification A typical light-
ning event occurring during 18 —20 August 2024 was selected to
conduct a 72-hour historical simulation. Based on ERAS hourly

environmental field data, inputting the trained gradient boosting

model, the probability and intensity level of lightning occurrence
were output. The results showed that lightning activity had obvious
daily variation characteristics, mainly concentrated between
12,00 —18:00, and reached its peak between 15:00 - 16.00.
The intensity of lightning had a characteristic of periodic changes,
with weak lightning intensity in the morning, the proportion of
strong and very strong lightning increased in the afternoon, and
gradually weakening in the evening. The occurrence probability of
extreme lightning was lower, and the model can reflect the low-
frequency characteristics of extreme lightning events.

3.2 EC business prediction verification FEC numerical fore-
cast data were used to replace ERAS environmental field to
conduct a 72-hour operational forecasting experiment. The results
showed that in the early stage of the forecast, the risk of strong
lightning was relatively high; the probability of stronger lightning
increased in the middle stage; the probability of moderate and
weak levels increased in the later stage, reflecting the gradual
weakening process of the convective system. The probability of
extreme lightning throughout the entire process remained at a low
level, consistent with the actual characteristics of lightning
activity.

3.3 Comparison between ERAS5 simulation and EC predic-
tion Both the ERAS historical simulation and the EC operational
forecast reproduced the center location, intensity trend, and tem-
poral evolution of lightning activity. Their spatial distributions
were generally consistent (Fig. 1). But due to differences in reso-
lution and error between reanalysis data and numerical forecast da-
ta, there were certain deviations in local intensity and location.
The results indicated that the gradient boosting model can effec-
tively connect environmental field changes with the evolution
process of lightning intensity, and had the ability for business pre-

diction applications.

4 Conclusions and discussion

Based on historical lightning data in Ulangab region and
ERAS environmental field data, a five-level classification predic-
tion model for lightning intensity was constructed, which included
9 key environmental parameters. Among the four machine learning
models evaluated, gradient boosting had the highest comprehen-
sive score (0.173 7), the best overall predictive ability and sta-
bility, and its statistical advantages have been verified by DeLong
test, confirming it as the final business prediction model. The
simulation results of historical case showed that the model can bet-
ter reflect the daily variation pattern of lightning activity increasing
in the afternoon and decreasing in the evening, and effectively
identify the evolution process of different intensity levels. The EC
business prediction verification showed that the model can use fu-
ture numerical forecast environmental fields to carry out lightning
intensity prediction, and had the potential for business applica-
tions. Future work will focus on increase the sample size and in-
tegrate radar, satellite, and multi-source observation data to im-

prove the ability to predict extreme lightning events.
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Note: a,, a,, a;, a, are the actual situation, b, , b,, b;y, b, are the ERAS simulation, and ¢,, ¢,, ¢;, ¢, are the EC prediction.
Fig.1 Comparison of observed, ERA5-simulated, and EC-predicted lightning intensity distributions from 11:00 to 20:00 on 19 August 2024
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