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Abstract 

Lightning activity reflects the occurrence of severe convective events and is the most prominent 
physical feature of thunderstorms. This study develops the AGToLightM model to predict the 
probability of thunderstorm occurrence within the next 60 minutes by combining FY-4B/AGRI multi-
channel infrared brightness temperature data (with a temporal resolution of 15 minutes and a spatial 
resolution of 4 km) with ground-based lightning observations. Based on the characteristics of 
lightning events, the model incorporates a Convolutional Block Attention Mechanism (CBAM) to 
enhance the extraction of critical spatial and channel features at cloud tops. An adaptive weighted 
loss function is employed to address the class imbalance caused by sparse positive lightning samples. 
Three study zones in China—North China, East China, and South China—were selected, with 
summer 2025 data used for model training and validation. Results indicate that AGToLightM 
effectively captures the spatial distribution and evolution of thunderstorms, achieving a maximum 
Critical Success Index (CSI) of 0.327. In case studies, regions with forecast probabilities exceeding 
60% show high spatial consistency in areas with radar echoes above 50 dBZ. These findings 
demonstrate the effectiveness of the AGToLightM model in integrating multi-source meteorological 
data for severe convective nowcasting and provide technical guidance for improving the reliability 
of short-term thunderstorm predictions. 

Keywords: AGToLightM; FY-4B/AGRI; nowcasting; case analysis 
 

1. Introduction 

Thunderstorms are intense convective weather systems that generate lightning. Lightning 
activity, particularly the total lightning flash rate (comprising intra-cloud and cloud-to-ground 
lightning), reflects the occurrence of deeply electrified convection [1]. Various studies have 
demonstrated that in single-cell, multicellular storms [2–7], and tropical cyclones [8,9], total lightning 
activity exhibits strong correlations with indicators such as updraft intensity and precipitation. 
Consequently, lightning density mirrors storm development and serves as a critical meteorological 
variable for identifying severe convective weather. Therefore, lightning data are essential for locating 
deep convective systems [10], providing significant practical value for thunderstorm identification 
and tracking. 

Thunderstorm warning research originated earlier in international contexts. Countries such as 
the United States and Europe have invested substantial resources in lightning monitoring and early 
warning systems, establishing comprehensive lightning monitoring networks and warning systems. 
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The National Lightning Detection Network (NLDN) in the United States monitors lightning activity 
nationwide in real time. By integrating meteorological satellite and radar data with numerical 
modeling, statistical methods, and extrapolation analysis [11], it provides thunderstorm warnings. 
India has established a multidimensional monitoring network comprising 558 meteorological 
stations, 25 Doppler radars, INSAT series satellites, and 48 lightning sensors. The forecast employs 
extrapolation methods, explicit storm models, and a human-machine integrated expert system to 
enhance forecast accuracy [12]. In recent years, research efforts worldwide have increasingly focused 
on integrating machine learning with physical mechanisms. For instance, algorithms such as random 
forests and artificial neural networks are being employed to fuse multi-source observational data and 
optimize thunderstorm warning services. For example, Yousefnia et al. developed a machine 
learning-based lightning activity recognition model (SALAMA 1D) that integrates convective-
permitted numerical weather prediction vertical profiles for thunderstorm forecasting and evaluates 
model performance [13]. 

Since the 1990s, China has routinely utilized sounding data to calculate and analyze conditions 
conducive to thunderstorm development, enabling thunderstorm warnings. For instance, Zhang et 
al. investigated how lightning activity within different cloud systems and characteristics related to 
convective precipitation influence thunderstorm activity [14]. Numerical forecasting techniques for 
severe convective weather such as thunderstorms have been continuously advancing [15]. 
Subsequently, real-time monitoring and nowcasting technologies, including thunderstorm cell 
identification and tracking, have gradually developed. With the rapid advancement of artificial 
intelligence and big data technologies, Chinaʹs lightning forecasting is progressively transitioning 
from traditional empirical statistics and numerical modeling toward intelligent, data-driven 
approaches. Intelligent methods such as machine learning and deep learning are being widely 
applied to lightning nowcasting. For instance, Song et al. proposed a machine learning-based 
lightning nowcasting model that significantly enhances forecasting performance by incorporating 
aerosol information and enhanced satellite observation data [16]. 

Each thunderstorm exhibits unique lightning characteristics, with lightning activity reaching 
specific maxima and minima throughout the storm lifecycle [5,17]. Quantifying variations in 
lightning activity enables analysis of the developmental processes within thunderstorm cell time 
series. Bourscheidt et al. demonstrated the potential of lightning for near-term precipitation 
forecasting using GOES GLM lightning observations (with a coefficient of determination of 
approximately 0.6), though limitations exist in accurately predicting high-intensity rainfall rates and 
accumulation [18].Felix et al. utilized various products from the Geostationary Lightning Mapper 
(GLM) and Advanced Baseline Imager (ABI) aboard the GOES satellite to analyze cloud 
characteristics of thunderstorms. They classified storms based on whether they produced GEO LJ, 
GEO LD, and severe weather [19]. Thiel et al. distinguished convective precipitation from layered 
precipitation by analyzing the size and frequency of GLM flashes [20]. Kelly et al. integrated GLM 
real-time lightning data with radar vertically integrated liquid water (VIL) content to develop the 
VILFRD quantitative metric, enabling automated algorithms for dynamic thunderstorm 
identification and trajectory tracking [21]. Chinchay et al. demonstrated that the ABI instrument 
aboard GOES-R provides valuable information for short-term forecasting of thunderstorms [22,23]. 
In recent years, Chinaʹs ground-based lightning detection technology have advanced rapidly, 
establishing a multi-station, full-lightning three-dimensional real-time positioning network. In 2020, 
Chinaʹs meteorological operational network underwent a comprehensive upgrade. Adopting a 
“floating-level pulse recognition + dual-frequency cross-verification” algorithm, it effectively 
suppresses urban electromagnetic noise, reducing the height error of long-baseline 3D measurements 
from 500 m to approximately 200 m. The system also features real-time waveform output and type 
identification capabilities. Ground-based lightning data has found applications in thunderstorm 
monitoring and early warning systems, particularly in data assimilation forecasting and 
thunderstorm phenomenon analysis.The Fengyun-4B satellite (FY-4B) is the second satellite in 
Chinaʹs new generation of geostationary meteorological satellites, successfully launched on June 3, 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 March 2026 doi:10.20944/preprints202603.2018.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.2018.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 22 

 

2021 [24,25]. Its onboard AGRI instrument provides observation data with 15-minute resolution, 
achieving notable application results in weather monitoring, early warning, and forecasting. For 
instance, X. Zhang [26] and Zhang et al. utilized FY-4B data to identify and extract convective clouds 
[27]. Wu et al.  analyzed cloud thermal characteristics using FY-4 imager data and ERA5 reanalysis 
data, enabling hail monitoring [28]. Ren et al. combined FY-4A multi-channel convective composite 
products with lightning imager data to analyze their characteristics during thunderstorms, 
demonstrating the composite productsʹ outstanding performance in convective storm clouds with 
strong updrafts [29]. 

The present study proposes a nowcasting method to predict the probability of thunderstorm 
occurrence within a 60-minute lead time. By leveraging the radiative characteristics of FY-4B/AGRI 
infrared channels across various cloud phases, this study establishes a quantitative relationship 
between these spectral signatures and the spatial distribution of lightning. The thunderstorm 
forecasting model AGToLightM is constructed to achieve quantitative forecasting of thunderstorm 
occurrence probability. This paper primarily describes the construction process of the AGToLightM 
model, the loss function selection strategy, and validation results across different geographic zones. 
It analyzes the influence of each input feature channel on thunderstorm forecasting. Furthermore, 
using typical severe convective cases, the modelʹs applicability in short-term thunderstorm 
forecasting through the fusion of multi-source meteorological data is evaluated by comparing radar 
echo intensity distributions. 

2. Study Area and Data 

2.1. Study Area 

This study selected three zones in China—East China, North China, and South China—as the 
research areas, as detailed in Table 1. Zone I: Southeastern coastal China (111.98°E–119.98°E, 26.02°N–
34.02°N), covering most of Zhejiang, northeastern Jiangxi, eastern Hunan, northwestern Fujian, and 
parts of southern Anhui and Hubei. This zone, influenced by the East Asian monsoon and complex 
topography, is one of Chinaʹs high-frequency lightning activity zones [30]. Its surface temperature, 
humidity, and atmospheric instability configuration in the lower and middle layers are conducive to 
the development of strong convection [31]. Zone II: Beijing, Hebei, and surrounding areas (112.02°E–
120.02°E, 34.02°N–42.02°N) features a temperate monsoon climate. From June to September, it 
experiences frequent convective activity influenced by warm, moist southeasterly maritime airflows 
[32]. Thunderstorms predominantly occur near bodies of water and mountain ranges. During specific 
periods, these features provide conditions for thermal or dynamic lifting, coupled with ample 
moisture supply, which is conducive to intra-cloud electrification and thunderstorm formation [33]. 
Zone III: Southern South China and Northern South China Sea Coastal Areas (105°E-113°E, 18.02°N-
26.02°N). Under the combined influence of the tropical monsoon and marine air masses, this zone 
exhibits active thunderstorm activity [34], demonstrating pronounced spatiotemporal clustering 
characteristics. These three zones respectively represent Chinaʹs subtropical high-frequency lightning 
zone, temperate low-to-medium frequency lightning zone, and tropical coastal lightning zone, 
covering distinct weather environments and providing a foundation for subsequent model validation. 
Specific distribution details are shown in Figure 1 (national lightning observation distribution 
diagram for July 11, 2025). 
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Figure 1. Spatial distribution of national lightning observations on July 11, 2025 (UTC). The map illustrates the 
lightning density and occurrence across the selected study zones (East, North, and South China) used for model 
validation. 

Table 1. Geographic coordinates and regional classifications of the three selected study areas in China. 

Zone ID Zone Name Longitude Range 
I East China Region 111.98°E-119.98°E 
II North China Region 112.02°E–120.02°E 
III South China Region 105°E–113°E 

2.2. Ground-Based Lightning Detection Data 

The ground-based lightning observation data used in this paper are sourced from the Tianqing 
System of the China Meteorological Administration. They comprise lightning data recorded by 419 
observation sites using a combination of ADTD and DDW1 equipment [35,36], documenting the 
occurrence time, latitude and longitude, and lightning category of each strike. 

In the late 2000s, the China Meteorological Administration began constructing a national 
ground-based lightning detection network. The ADTD lightning detection sensors deployed in this 
network can locate cloud-to-ground lightning within the 1 kHz to 450 kHz frequency band. With a 
detection range of approximately 300 km per ADTD sensor [37]. Lightning location is achieved by 
combining magnetic direction finders with time-of-arrival methods. Multiple substations are 
networked (with baseline distances of 100–200 km), forming a nationwide coverage network [38].In 
recent years, the ADTD lightning detection system has undergone upgrades, gradually incorporating 
DDW1 lightning detectors [39], enhancing its capability to detect intra-cloud lightning [38]. In 2022, 
Zhang Yang et al. [39] evaluated the ADTD systemʹs performance using artificially triggered 
lightning. Detection efficiencies reached 100% for cloud-to-ground lightning and approximately 63% 
for intra-cloud lightning, with an average positioning error of 464 meters for intra-cloud lightning 
events. 

Ground-based lightning detection data provides the detected lightningʹs latitude, longitude, and 
time information, serving as labeled data for thunderstorm models. 
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2.3. FY-4B/AGRI Data 

The Fengyun-4B satellite (FY-4B) is Chinaʹs first operational next-generation geostationary 
meteorological satellite, successfully launched on June 3, 2021, and positioned at 133°E over the 
equator. The data utilized in this study originate from the Advanced Geosynchronous Radiation 
Imager (AGRI) aboard FY-4B. The AGRI instrument is equipped with 15 spectral channels, AGRI 
achieves spatial resolutions ranging from 0.5 km (visible light) to 4 km (longwave infrared) and 
performs full-disk scans at 15-minute intervals. This research primarily employs FY-4B AGRI 
infrared band data, with parameters detailed in Table 2. 

Table 2. Specifications and meteorological applications of the FY-4B/AGRI infrared channels utilized in the 
AGToLightM model. 

Band Center Wave 
Length Bandwidth SR Applications 

8 3.75μm 3.50-4.0μm (Low) 4km Low-albedo targets and surface features 
9 6.25μm 5.80-6.70μm 4km Upper-level moisture 

10 6.95μm 6.75-7.15μm 4km Mid-level moisture 
11 7.42μm 7.24-7.60μm 4km Lower-level moisture 
12 8.55μm 8.3-8.8μm 4km Clouds 
13 10.80μm 10.30-11.30μm 4km Clouds, surface temperature, etc. 

14 12.00μm 11.50-12.50μm 4km Clouds, total water vapor, surface 
temperature 

15 13.3μm 13.00-13.60μm 4km Clouds, water vapor 

2.4. Radar Reflectivity Data 

The radar composite reflectivity data used in this paper is sourced from the Tianqing System of 
the China Meteorological Administration. It is a radar network product that includes nationwide 
composite reflectivity data with a spatial resolution of 1 km and a temporal resolution of 6 minutes. 

3. Methods 

3.1. Data Preprocessing 

Lightning data, serving as structured labels for the model, undergoes spatial resampling 
processing first. Considering the resolution of the AGRI infrared channel from Fengyun-4B satellite 
used in model development, this study grids and resamples the lightning data to a 4 km resolution. 
Lightning location data from the China Meteorological Administrationʹs operational lightning 
detection system originates from two ground-based lightning observation devices: ADTD and DDW1. 
Both systems cover observation ranges reaching hundreds of kilometers. Raw data undergoes 
lightning location processing using methods such as time-based localization, achieving an accuracy 
of approximately 500m [40]. The arithmetic mean, geometric mean, median, and standard deviation 
of the planar positioning accuracy for the DDW1 lightning detection device are all less than 500 m 
[35]. Spatial resampling with a target spatial resolution of 4 km ensures the accuracy of spatial 
matching for labeled data. B. Lynn et al. used the Lightning Potential Index (LPI) to confirm that this 
resolution can effectively reflect the overall distribution characteristics of lightning [41]. Lightning 
data undergoes both temporal and spatial matching during resampling. Temporally, all lightning 
events within a 60-minute window are synchronized with AGRI observation times. For these events, 
lightning strike zones and density are calculated based on latitude and longitude. Using a 60-minute 
sliding window, lightning locations are computed for each grid cell. Lightning strike zones are 
represented as binary data. 

The FY-4B/AGRI data encompass multiple infrared channels ranging from 3.75 μm to 13.30 μm, 
which are extensively utilized in monitoring and forecasting severe convective weather. This study 
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employs all infrared channels from AGRI as feature factors for the model. To enhance the detection 
of pre-thunderstorm characteristics, channel differences and channel-time differences are 
incorporated as supplementary features, as shown in Table 3. 

Table 3. Summary of the multi-dimensional input features in the AGToLightM model, including raw AGRI 
infrared brightness temperatures (BT), inter-channel brightness temperature differences (BTDs), and their 
respective temporal variations (TBDTs). These features characterize the static thermodynamic state and the 
dynamic evolutionary processes of convective clouds. 

Num Channel Description 

1 BT(IR3.75) T0 single-channel brightness temperature, showing low clouds and cloud-
top temperature 

2 BT(WV6.25) 
T0 single-channel brightness temperature, showing upper-level water 

vapor 
3 BT(WV6.95) T0 single-channel brightness temperature, showing mid-level water vapor 

4 BT(WV7.42) T0 single-channel brightness temperature, showing lower-level water 
vapor 

5 BT(IR8.55) T0 single-channel brightness temperature, showing clouds 
6 BT(IR10.80) T0 single-channel brightness temperature, showing cloud-top temperature 

7 BT(IR12.00) 
Single-channel brightness temperature at T0 time, indicating cloud top 

temperature 

8 BT(IR13.30) 
Single-channel brightness temperature at T0 time, indicating clouds and 

water vapor 

9 BTD(6.25–7.42) Brightness temperature difference between channels at T0 time, indicating 
upper/lower layer water vapor difference 

10 BTD(10.80–8.55) Brightness temperature difference between channels at T0 time, indicating 
cloud phase (ice clouds/water clouds) difference 

11 BTD(12.00–10.80) 
Brightness temperature difference between channels at T0 time, indicating 

cloud phase (ice clouds/water clouds) difference 

12 TBDT(10.80) Brightness temperature difference between (T0 - 15min) and T0, indicating 
cloud top temperature change 

13 TBDT(12.00) Brightness temperature difference between (T0 - 15min) and T0, indicating 
cloud top temperature change 

14 TBDT(10.80–8.55) 
Brightness temperature difference between (T0 - 15min) and T0, indicating 

cloud top temperature change 

15 TBDT(12.00–
10.80) 

Brightness temperature difference between (T0 - 15min) and T0, indicating 
cloud top temperature change 

Strong convective cloud clusters (such as thunderstorm cells) exhibit distinct characteristics, 
containing significantly more intra-cloud ice particles than other cloud systems and being 
accompanied by intense moisture transport. Both the 6.25 μm and 7.42 μm channels are moisture 
absorption bands, detecting upper-level and lower-level moisture respectively. Their difference 
directly reflects the degree of anomaly in the atmospheric vertical moisture gradient [42]. Steeper 
gradients indicate greater convective potential and serve as precursors to thunderstorm development. 
The 10.80 μm and 12.00 μm channels exhibit differing sensitivities to liquid water and ice particles: 
12.00 μm shows stronger scattering and absorption from large ice particles, while 10.80 μm provides 
more stable liquid water responses. The differential between 12.00 μm and 10.8 μm can identify deep 
convective clouds, with its magnitude dependent on cloud optical thickness, liquid water content, 
chemical composition, and particle size distribution [43].The 8.55 μm channel is sensitive to small ice 
particles, and its differential with the 10.80 μm channel reflects cloud phase and particle size. Small 
ice particle formation in strong convective cloud tops precedes “cold cloud tops” (BT10.8 decrease). 
Positive values in the 8.55 μm versus 10.80 μm difference may appear 30–60 minutes earlier, enabling 
advance convective warnings [44,45]. Based on this, three infrared channel differences were 
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incorporated into the model construction: 6.25 μm versus 7.42 μm, 12.00 μm versus 10.80 μm, and 
8.55 μm versus 11μm. 

Meickalski et al. research [46] demonstrated that differences in infrared channel values already 
exist before immature cumulonimbus clouds develop into convective storms. Establishing the 
relationship between these changes prior to initial convective development can provide valuable 
information for short-term forecasting algorithms. Based on this, the model incorporates the 
differences between the previous and current observations for three pairs of factors: 6.25 μm and 7.42 
μm, 12.00 μm and 10.80 μm, and 8.55 μm and 10.80 μm. 

3.2. Model Design 

The AGToLightM model employs a U-Net architecture with encoder and decoder components 
[47]. By establishing relationships between multi-source features from the FY-4B/AGRI and ground-
based lightning observations, the model calculates the probability of thunderstorm occurrence for a 
60-minute lead time. 

The U-Net model effectively extracts local spatial features and fine-scale patterns through 
convolutional neural networks (CNNs) [48]. It possesses the capability to process multiple feature 
factors, fully uncovering the multidimensional information linking various factors to thunderstorm 
activity [49]. By precisely capturing lightning-associated small-scale information—such as cloud-top 
glaciation and local brightness temperature gradients—This architecture can achieve pixel-level 
lightning probability prediction, breaking through the limitations of traditional regional-level 
forecasting [22]. Furthermore, its encoder-decoder architecture enables high-precision image 
semantic segmentation even with limited training data [50]. The U-Net model possesses end-to-end 
learning capabilities [50], eliminating the need for manually designed features. It autonomously 
extracts lightning-associated patterns consistent with thunderstorm weather elements from satellite 
observation data, reducing reliance on human expertise [51]. 

In the AGToLightM architecture developed in this study, the encoder path incorporates four 
subsampling stages: Initially, the DoubleConv module (comprising two consecutive 3 × 3 
convolutions, each with batch normalization and ReLU activation) expands the 9 input channels to 
64 channels. Subsequently, four downsampling modules progressively increase the channel count to 
1024 while simultaneously reducing the feature map size from 200 × 200 to 12 × 12, extracting multi-
scale spatial features. The decoder path employs four upsampling modules using 2 × 2 transposed 
convolutions to restore the abstract features extracted by the downsampling path into high-resolution 
outputs. These are then fused with the encoderʹs multi-scale features through skip connections. At 
the networkʹs end, a 1 × 1 convolution maps the 64-channel features into a single-channel lightning 
probability output, enabling pixel-level lightning probability prediction.The structure and training 
method of AGToLightM are shown in Figure 2. 

 

Figure 2. Structure and Training Method of AGToLightM. 
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CBAM is an attention module integrated into a feedforward convolutional neural network, 
comprising both channel attention and spatial attention components, as shown in Figure 3 For the 
AGToLightM model, the channel attention mechanism enables adaptive computation of channel 
importance, amplifying weights for channels highly correlated with thunderstorm events while 
suppressing noise interference from irrelevant channels. The spatial attention mechanism aggregates 
global average responses and local maximum responses across feature maps, focusing on critical 
regions prone to thunderstorms (e.g., the core region of strong convection). Within the AGToLightM 
model, CBAM achieves efficient multi-view feature collaboration through a two-step fusion process: 
First, the channel attention mechanism dynamically assigns view weights based on feature 
requirements at different stages of thunderstorm development. Second, the spatial attention 
mechanism further aggregates spatially correlated information from multiple views on the channel-
weighted feature maps, thereby locating the core thunderstorm region and improving model 
performance. 

 
Figure 3. Schematic of the Convolutional Block Attention Module (CBAM) integrated into the AGToLightM 
architecture. 

In the shallow layers of the model, feature factors possess high spatial resolution and abundant 
structural details (e.g., edge contours and local textures of thunderstorm clouds), but their semantic 
representation is limited, making it difficult to distinguish specific meteorological categories. As the 
downsampling depth increases, spatial details gradually degrade, while semantic information 
becomes more prominent, allowing the model to capture abstract features directly related to 
thunderstorm formation. Based on this evolution pattern, the AGToLightM model maintains the 
basic U-Net architecture in its shallow layers while embedding CBAM into the deeper network. This 
design ensures the preservation of high-fidelity spatial details in the shallow layers while leveraging 
the attention mechanism to adaptively filter key features and spatial information in the deep layers, 
thereby strengthening the response to critical meteorological signatures. 

To address the challenge of severe positive-negative sample imbalance and scarcity of positive 
samples in thunderstorm forecasting, this study introduces pixel-level underestimation penalty 
weights (Equation 1) and batch-level false-negative rate adaptive weights (Equations 2 and 3) on top 
of Focal Loss (α = 0.95, γ = 1.5) to construct a comprehensive adaptive weight (Equation 4). Combined 
with Focal Loss, this forms the final loss function (Equation 5). This approach balances samples while 
focusing on challenging cases, intensifies penalties for missed detections, and dynamically tracks 
missed detection trends during training. This enables adaptive optimization of the modelʹs predictive 
capability for rare thunderstorm events. Furthermore, this study introduces an adaptive weighted 
loss dynamic adjustment strategy based on the CBAM attention mechanism. By integrating CBAMʹs 
spatial and channel attention scores, the model dynamically adjusts loss weights for each sample in 
real-time, particularly focusing attention allocation toward positive sample regions. When attention 
to positive regions is low, the adaptive weight in the loss function automatically increases to enhance 
the modelʹs focus on these rare events. Similarly, when overall attention is low, the weights in the 
loss function are appropriately increased to ensure the model focuses more on challenging-to-predict 
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regions. This aims to enhance the modelʹs prediction accuracy for sparse thunderstorm events and 
improve its sensitivity to key meteorological features. 
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3.3. Model Application and Evaluation Indicators 

In this study, data collected from June 1 to August 20, 2025, were utilized for model construction. 
To minimize the interference of non-convective samples on performance evaluation, the dataset was 
filtered based on lightning activity intensity thresholds, effectively excluding periods with no 
lightning events. For each of the three geographical regions, representative samples exhibiting 
distinct thunderstorm characteristics were selected for testing and validation. The detailed 
distribution of the dataset is presented in Table 4. 

To quantitatively evaluate the modelʹs performance, four key metrics were selected: Probability 
of Detection (POD), Precision, F1-score, and the Critical Success Index (CSI). These metrics were 
calculated by comparing the predicted one-hour thunderstorm probabilities with ground-based 
lightning observations. 

Table 4. Overview of the experimental dataset across three geographical zones (East, North, and South China). 
The table specifies the number of samples allocated for training, testing, and validation, focusing on periods 
with active lightning events during the summer of 2025. 

Zone ID Zone Name Training Data Test Data Validation Data 
I East China Region 4124 1031 95 
II North China Region 4680 1170 95 
III South China Region 4979 1245 95 

The POD measures a modelʹs ability to capture actual lightning events, calculated as the 
proportion of correctly forecasted lightning samples (TP) out of all actual lightning samples (TP + 
FN). Precision reflects the proportion of correctly forecasted events among all events forecasted as 
“thunderstorm present.” It is calculated as the ratio of correctly forecasted thunderstorm events (TP) 
to all events forecasted as “thunderstorm present” (FP + TP). The F1-score is the harmonic mean of 
precision and POD, used to comprehensively evaluate a modelʹs balanced performance in identifying 
positive class samples. The Critical Success Index (CSI) measures the modelʹs overall effectiveness in 
lightning prediction, calculated as the ratio of correctly forecasted lightning samples (TP) to all 
samples requiring attention (TP + FN + FP). A higher POD indicates fewer missed detections [22,52]. 
Higher precision signifies greater forecast accuracy, meaning fewer false positives. A higher F1 score 
indicates the model better balances accuracy and comprehensiveness [52]. A higher CSI value 
represents superior overall forecasting performance [22,52]. 

FNTP
TP

POD
+

=  (6)

FPTP
FP

Precision
+

=  (7)
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TPFNTP
TP

scoreF
++×2

×2
=1 -  (8)

FPFNTP
TP

CSI
++

=  (9)

4. Result 

4.1. Comparative experiment 

To analyze the application effects of integrating the CBAM attention mechanism with the loss 
function, this study conducted a series of comparative experiments based on identical datasets, taking 
East China as a case study. The experiments include: (1) using only the Focal Loss function with fixed 
parameters; (2) incorporating the CBAM attention mechanism and an adaptive weighted loss strategy; 
(3) employing a loss function dynamically tuned by combining CBAM with the adaptive weighted 
loss mechanism; and (4) introducing a threshold penalty mechanism based on the third experimental 
group. 

4.1.1. Focal Loss Loss Function with Fixed Parameters 

In this experimental group, Focal Loss with fixed parameters (α = 0.95, γ = 1.5) was employed 
during training to address the scarcity of positive lightning samples. The objective was to enhance 
the modelʹs focus on positive samples; however, neither the CBAM attention mechanism nor any 
other loss function enhancement mechanisms were incorporated. 

Experimental results indicate that Focal Loss can alleviate the imbalance between positive and 
negative samples to a certain extent. However, when handling rare events, the model still suffers 
from an overall low forecast probability; the forecast probabilities for regions where thunderstorms 
occurred are concentrated between 20% and 40%, with only a few areas reaching a forecast 
probability of 50% or higher. Furthermore, the model fails to pay sufficient attention to hard-to-
predict regions, such as the edges or smaller areas of lightning activity. Figure 4 displays the forecast 
results obtained by training the model solely with the Focal Loss function and applying it to typical 
time steps in East China. The forecast results are presented in the form of a probability heat map, 
where the color transitions from deep blue to deep red, representing the thunderstorm occurrence 
probability increasing from 0 to 1.0 (see the vertical color bar on the right for details). The colored 
solid lines in the figure are probability contours, which respectively mark the probability threshold 
boundaries from 20% to 60%, used to visually define the coverage of the forecast field. The bright 
yellow pixels scattered throughout the figure represent the ground truth data from lightning locators 
at that time step, used to verify the degree of coincidence between the forecast center and the actual 
thunderstorm positions. 

Figure 4. Forecasting results of the model using only the Focal Loss function for a representative time period in 
East China in 20250821 (UTC).(The background color represents the lightning occurrence probability output by 
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the model, with the color bar ranging from 0.0 to 1.0; deep blue indicates low forecast probability, while deep 
red indicates high forecast probability. The colored contours, transitioning from blue to red, sequentially 
represent the probability threshold boundaries of 0.2 to 0.6. Bright yellow pixels denote the ground truth of 
lightning strikes for the corresponding time steps.). 

4.1.2. Introducing the CBAM and Adaptive Weighted Loss Strategy 

In this experimental group, the CBAM attention mechanism was added to the deep layers of the 
model based on the original Focal Loss (α = 0.95, γ = 1.5) function, enabling the model to focus on 
important feature channels and regions related to thunderstorm formation. Additionally, an adaptive 
weighted loss strategy was adopted to dynamically adjust the weight of each sample according to 
the modelʹs learning process; for underestimated positive samples, the loss weight was increased to 
strengthen the penalty for false negatives. Compared to the model applying only the Focal Loss 
function, the model trained in this experimental group increased the forecast probability for 
thunderstorm-active areas to between 30% and 60%, and the extent of areas with forecast 
probabilities of 50% or higher significantly expanded, enhancing the predictive capability for rare 
events (localized thunderstorm regions). 

Figure 5 shows the forecast results of the model trained by incorporating the CBAM attention 
mechanism and the adaptive weighted loss strategy, applied to typical time steps in East China. For 
the typical time steps especially at 05:15 and 08:30 on August 21, 2025, the high-probability regions 
of the improved model (areas with a forecast probability >50%) are in high spatial agreement with 
the observed dense lightning clusters, enabling a more precise capture of the evolutionary 
characteristics of localized thunderstorms. 

Figure 5. Forecasting results of the model incorporating the CBAM mechanism and the adaptive weighting 
strategy for a representative time period in East China in 20250821 (UTC). 

4.1.3. Loss Function Dynamically Optimized via CBAM and Adaptive Weighting 

This study incorporates an adaptive weighted loss dynamic adjustment strategy based on 
CBAM attention scores, which dynamically adjusts the λ value in the loss function according to the 
CBAM attention scores. When the attention response in a positive sample region is low, the λ value 
is increased to strengthen the penalty for that area, forcing the model to focus on hard-to-predict 
regions with ambiguous features and enhancing the modelʹs predictive performance for 
thunderstorm events. 

Figure 6 shows the forecast results of the model trained with the loss function dynamically tuned 
by combining CBAM and the adaptive weighted loss mechanism, applied to typical time steps in 
East China. Comparing Figure 6 with Figure 5 reveals that the dynamic tuning mechanism based on 
CBAM scores achieves a significant improvement in forecast efficiency. The spatial alignment 
precision between the high-probability regions predicted by the model and the areas where lightning 
actually occurred is further improved. The forecasts for time steps such as 02:15, 05:15, and 08:30 are 
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all more precise, effectively reducing false alarms in non-thunderstorm areas while simultaneously 
reducing missed detections. 

Figure 6. Forecasting results of the model utilizing the dynamically optimized loss function integrated with 
CBAM attention scores for a representative time period in East China in 20250821 (UTC). 

4.1.4. Addition of Threshold Penalties 

To further constrain the trade-off between missed detections and false alarms, this experimental 
group added threshold constraints based on the current loss function. Specifically, a penalty is 
imposed on non-lightning samples when the predicted probability exceeds the negative sample 
threshold (20%), and a penalty is applied to lightning samples when the predicted probability falls 
below the positive sample threshold (50%). The purpose is to suppress false alarms and reduce 
missed detections, enabling the model to output forecast results with higher discriminability. 

Experimental results for Figure 7 indicate that while this constraint mechanism significantly 
improves the hit rate, the false alarm rate also increases substantially. By applying penalties to 
positive samples, the model enhances the forecast probability in ʺlightning-activeʺ regions, leading 
to an increase in areas with probabilities of 50% or higher, which almost completely cover the ground 
truth areas of lightning observations. However, a large number of non-lightning regions are also 
predicted with high thunderstorm occurrence probabilities. The primary reason is that the strong 
positive sample penalty causes the overall probability of the model results to shift upward, leading 
to many non-lightning areas being misjudged as lightning-active regions and increasing false 
positives. This phenomenon is further exacerbated by the spatial smoothing effect caused by 
convolutional operations and the asymmetry of the penalties applied to positive and negative 
samples. 

Figure 7. Forecasting results of the model after incorporating the threshold penalty mechanism for a 
representative case in East China in 20250821 (UTC). 

4.2. Model Performance 
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Following the training scheme proposed in Chapter 3, the AGToLightM model was 
independently validated across three regional test sets. Representative cases were selected for 
analysis: Zone I (East China) on August 25, 2025 (UTC); Zone II (North China) on August 21, 2025 
(UTC); and Zone III (South China) on August 27, 2025 (UTC). 

As a probabilistic forecasting model, AGToLightM outputs the likelihood of thunderstorm 
occurrences rather than deterministic categories. Therefore, it is essential to examine the modelʹs 
performance under various decision thresholds. This approach allows for a more nuanced 
understanding of the trade-off between sensitivity and specificity, thereby enhancing the 
comprehensiveness of the performance evaluation. Table 5 summarizes the POD and Precision of 
AGToLightM at typical probability thresholds (20%, 30%, ... 60% and above) for each study area. The 
results exhibit a characteristic inverse relationship between the hit rate (POD) and precision as the 
threshold increases. To further determine the optimal operating point that balances these competing 
metrics, the Critical Success Index (CSI) will be statistically analyzed in the following section. 

Table 5. Performance metrics (POD and Precision) of the AGToLightM model across three study regions at 
different probability thresholds. 

Test Data Probability threshold 20% 30% 40% 50% 60%+ 

20250825 Zone I 
POD (%) 93.0 85.2 73.9 53.4 22.9 

Precision (%) 5.1 7.8 11.1 17.8 32.8 

20250821 Zone II 
POD (%) 84.8 73.5 56.6 37.2 0 

Precision (%) 12.3 15.8 20.6 28.8 0 

20250827 Zone III POD (%) 89.7 74.7 46.3 11.8 0 
Precision (%) 5.4 7.2 11.8 19.4 0 

The model CSI performance chart evaluates the modelʹs performance at different probability 
thresholds. As shown in Figure 8, the CSI performance plots for Zones I, II, and III are presented from 
left to right. The horizontal axis represents Precision, while the vertical axis denotes POD. The black 
curve traces the modelʹs performance trajectory across different probability thresholds, with key 
threshold points marked (10%, 15%, 20%, 30%, 50%, 70%, 90%). The yellow shaded regions 
correspond to different CSI values, with darker shades indicating higher CSI. Curves closer to the 
upper-right corner (high POD, high Precision) and passing through darker shaded areas indicate 
higher CSI at that threshold. This plot identifies the optimal probability threshold that maximizes CSI 
and visually illustrates the performance trade-offs at different thresholds. Table 6 shows the best 
critical success index (CSI) values for the AGToLightM model across three test datasets, along with 
their corresponding probability thresholds and precision metrics. Analysis of the charts reveals that 
Zone I (East China) exhibits superior CSI curve characteristics and optimal CSI values compared to 
the other two regions. This indicates a relatively balanced performance in both false positives and 
false negatives for thunderstorms. The optimal CSI corresponds to a probability threshold of 46%, 
slightly lower than that of North China. Furthermore, the chart reveals that the model yields zero 
forecasts in high-probability zones (probability ≥ 60%), suggesting a conservative approach to 
thunderstorm prediction. Zone II (North China) exhibits a higher optimal probability threshold than 
the other two regions. The model demonstrates a tendency toward higher probability forecasts, 
achieving relatively high hit rates across various probability thresholds. However, this also exposes 
issues stemming from the modelʹs high sensitivity: an excess of false positives and lower precision, 
causing the overall CSI curve to shift toward the lower-left corner. Zone III (South China) achieved 
the lowest optimal CSI score of 0.161, corresponding to a probability threshold of 42%. It also 
exhibited the lowest hit rate across all thresholds, indicating the most conservative thunderstorm 
forecasting approach among the three regions. The CSI curveʹs overall leftward shift similarly reflects 
the modelʹs reduced prediction frequency in high-probability intervals. 
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Figure 8. CSI performance diagrams of the AGToLightM model across the three study regions. From left to right: 
Zone I (East China), Zone II (North China), and Zone III (South China). The black curves represent the 
performance trajectories across various probability thresholds (10%–90%), while the background shaded 
contours indicate constant Critical Success Index (CSI) values. 

Table 6. The optimal critical success index of the AGToLightM model and its corresponding probability 
threshold and accuracy performance. 

Zone ID Best probability threshold CSI POD Precision 
I 46% 0.211 40.6% 30.5% 
II 56% 0.174 35.9% 76.2% 
III 42% 0.161 39.4% 38.4% 

The analysis of single forecasts across different regions and time periods reveals that model 
performance is closely correlated with lightning activity intensity. Forecast accuracy is significantly 
higher during periods of dense lightning activity compared to sparse activity, indicating the model 
excels at capturing lightning signals associated with strong convective events. Taking the Zone I (East 
China) as an example, representative time periods are selected for demonstration. Probability 
prediction results are shown in Table 7, where different probabilities are distinguished by contour 
lines and overlaid with actual lightning data (yellow markers). The corresponding CSI curves for 
each time period are also compared to analyze the comprehensive performance of the current forecast 
and evaluate prediction effectiveness. During periods of intense lightning activity (06:30-07:30 UTC, 
07:30-08:30 UTC), the model demonstrated high hit rates and relatively stable CSI performance. 
Conversely, during periods of weaker lightning activity (e.g., 04:30-05:30 UTC, 05:30-06:30 UTC), 
forecast certainty decreased, leading to a corresponding decline in precision. The model demonstrates 
strong capability in capturing signals from severe convective lightning, but forecasting accuracy 
exhibits errors under conditions of weak or isolated lightning activity. 

Table 7. Spatiotemporal evolution of thunderstorm probability forecasts and corresponding CSI performance 
curves for Zone I (East China) during representative intervals on August 25, 2025. 

04:30-04:45 forecast  
04:30-05:30 (UTC) 

05:30-05:45 forecast  
05:30-06:30 (UTC) 

06:30-06:45 forecast  
06:30-07:30 (UTC) 

07:30-07:45 forecast  
07:30-08:30 (UTC) 
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4.3. Analysis of the Influence of Feature Factors. 

To analyze the influence of each feature factor on thunderstorm precursor signals, single-
channel ablation tests were conducted for each feature factor. The results are shown in Figure 9 below. 

The single feature factor ablation test results indicate that the omission of certain factors 
significantly impacts model performance. As shown in the figure, the TBDT (12.00–10.80) and TBDT 
(10.80–8.55) bands exert the greatest influence on model probability of detection (POD), reducing it 
by 16.7% and 8.3% respectively, while substantially enhancing model sensitivity. TBDT (10.80), 
BT(WV7.42), BT(IR8.55), and TBDT(12.00) also made corresponding positive contributions to POD. 
However, they also affected Precision, leading to false positives in the model. The three factors 
BTD(12.00-10.80), BTD(10.80-8.55), and BTD(6.25-7.42) exerted the strongest influence on Precision, 
reaching 18.6%, 13.1%, and 6.0% respectively, substantially reducing false alarm rates. For F1 and CSI 
scores, BTD(10.80-8.55), BTD(12.00-10.80), and BTD(6.25-7.42) hold the highest proportions, 
effectively enhancing the modelʹs overall performance and directly improving the effectiveness of 
thunderstorm prediction. The BTD(12.00-10.80) factor demonstrated positive contributions across all 
four metrics, establishing itself as a critical model factor. Other factors, such as BT(WV6.95) and 
BT(IR13.3), contributed minimally to the modelʹs overall performance. Overall, TBDT (12.00-10.80), 
TBDT (10.80-8.55), and BTD(6.25-7.42) substantially improve POD (reducing false negatives) but 
decrease F1 and CSI. BTD(10.80-8.55) and BTD(12.00-10.80) substantially reduce false positives and 
improve F1/CSI, but increase false negatives. 

 
Figure 9. Importance analysis of feature factors. The bars indicate the percentage contribution of each satellite-
derived feature to the POD, Precision, F1-score, and CSI metrics within the AGToLightM model. 
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Analysis of comprehensive indicators reveals that the brightness temperature difference 
between 8.55 μm and 10.80 μm, as well as that between 12.00 μm and 10.80 μm, significantly impacts 
the model. Their temporal variations enhance the modelʹs hit rate, while the current state 
substantially improves accuracy. During thunderstorms, intense convective updrafts cause rapid 
freezing of water vapor at the cloud top, forming numerous small ice particles (sleet, hail embryos, 
small snowflakes). Changes in cloud top temperature and particle characteristics can predict the 
future development trend of severe convection. The 8.55 μm channel exhibits strong scattering from 
small ice particles, resulting in relatively high radiative energy in convective regions and effectively 
reflecting convective conditions. Conversely, the 10.8μm band exhibits weak scattering/absorption 
by small ice particles. The brightness temperature difference between 8.55 μm and 10.80 μm shows 
significant variation within strong convective zones [53–55]. Studies indicate that BTD(10.80-8.55) 
yields positive values for ice clouds with high optical thickness and significantly negative values for 
water clouds with high optical thickness [42].  

The absorption coefficients of water vapor and ice particles exhibit significant differences 
between 10.80 and 12.00 microns. The increase in water vaporʹs absorption coefficient between 
10.80μm and 12.00 μm is substantially greater than that between 8.55 μm and 10.80 μm; conversely, 
iceʹs absorption coefficient changes in the opposite manner [56]. Consequently, ice particles 
significantly enhance radiation absorption in the 12.00 μm channel, while the 10.80 μm channel is less 
affected by ice particles, leading to a bright temperature difference. Strong convection, accompanied 
by intense vertical transport of water vapor, increases the water vapor content within the atmospheric 
column. This further enhances radiation absorption in the 12.00 μm channel, lowering BT(IR12.00) 
and making the BTD(12.00–10.80) more pronounced. Correspondingly, convective cells exhibit a 
distinct BTD(12.00–10.80), confirming the association between brightness temperature differences 
and areas of intense convective activity [57]. 

Secondly, the 6.25 μm and 7.42 μm channels, serving as water vapor absorption bands, exhibit 
channel differences that reflect the degree of anomaly in atmospheric vertical water vapor gradients, 
thereby contributing to improvements in model accuracy. The 6.25 μm channel is sensitive to water 
vapor in the upper-middle troposphere (300–500 hPa), while the 7.42 μm channel is more sensitive 
to water vapor in the lower-middle troposphere (500–700 hPa) Convective triggering theory indicates 
that when the upper atmosphere is dry and cold while the lower atmosphere is warm and moist, the 
atmosphere enters a conditionally unstable state. Once uplift triggers convection, it readily develops 
into severe convection. The difference between the 6.25 μm and 7.42 μm channels directly 
characterizes the vertical water vapor gradient, reflecting the degree of atmospheric instability in a 
“dry-wet” or “wet-dry” configuration. “dry-over-wet” or “wet-over-dry” instability [58], serving as 
a thermodynamic indicator of convective instability. The European Organisation for the Exploitation 
of Meteorological Satellites (EUMETSAT) and the China Meteorological Administration (CMA) have 
integrated BTD into their severe convection warning operational systems, enhancing warning lead 
times by 30–60 minutes [58]. 

4.4. Case Analysis 

Based on the model, case analyses were conducted for the three regions. Figures 10–12 present 
the thunderstorm probability model results for these three areas. 

On August 21, 2025, extensive short-duration heavy rainfall accompanied by thunderstorms and 
strong winds occurred across North China and East China. Figure 10 shows the thunderstorm 
forecast results for the North China region at four time intervals (05:00 UTC, 07:00 UTC, 09:00 UTC, 
11:00 UTC) on August 21, 2025 UTC. Figure 10(a-d) uses different colors to indicate the probability 
of thunderstorm occurrence, with yellow pixels representing ground-based lightning measurement 
data. Figure 10(e-h) displays the composite reflectivity from weather radar at the forecast time.The 
color scale on the right represents the reflectivity intensity in dBZ, ranging from 0 to 70. The colored 
curves superimposed on these radar maps represent the probability contours output by the 
AGToLightM model. The figures reveal that at 05:00 UTC, precipitation was just beginning, with 
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limited lightning activity and coverage. The forecast shows a small thunderstorm area and 
probability (maximum around 30%), consistent with the radarʹs high-echo zone. The model also 
predicted a 20% probability for the scattered lightning area in the lower right corner. As precipitation 
clouds intensified and shifted northward, two high-probability zones formed by 07:00 UTC in the 
northern and southwestern directions, both with forecast probabilities exceeding 50%. Notably, a 60% 
probability forecast emerged in the southwestern direction. This result shows high consistency with 
ground-based lightning and radar combined reflectivity data, particularly exhibiting significantly 
elevated probabilities in areas of dense lightning activity. By 09:00 UTC, convection intensified 
further, with the forecast density in the southwest direction increasing and the area with over 60% 
probability expanding. This high-probability zone aligned with the 50 dBZ radar reflectivity area at 
09:00 UTC, indicating relatively heavy precipitation in that region. Meanwhile, the probability zones 
for thunderstorms in the northern and central parts of the map also expanded, largely aligning with 
the radarʹs high reflectivity areas. By 11:00 UTC, convection had developed into two distinct 
convective zones, north and south. The high-probability zone exceeding 60% coincided with both the 
ground-based lightning-dense area and the radarʹs 50 dBZ reflectivity zone, effectively predicting the 
occurrence of thunderstorms. 

    

(a) (b) (c) (d) 

    

(e) (f) (g) (h) 

Figure 10. Comparison of Thunderstorm Forecast Results with Ground-Based Lightning and Weather Radar 
(20250821): (a) UTC 05:00 Thunderstorm Probability overlaid with Ground-Based Lightning; (b) UTC 05:00 
Weather Radar Composite Reflectivity; (c) UTC 07:00 Thunderstorm Probability overlaid with Ground-Based 
Lightning; (d) UTC 07:00 weather radar composite reflectivity; (e) UTC 09:00 thunderstorm probability overlaid 
with ground-based lightning; (f) UTC 09:00 weather radar composite reflectivity; (j) UTC 11:00 thunderstorm 
probability overlaid with ground-based lightning; (h) UTC 11:00 weather radar composite reflectivity. 

Figure 11 and Table 8 present the 15-minute forecast results and accuracy for the East China 
region on August 25, 2025. The figure shows that convective activity was highly active between 07:30 
UTC and 08:00 UTC, with ground-based lightning observations recording over 1,800 strikes. 
Significant changes occurred within the 15-minute period, and the forecasted high-probability zones 
aligned with the areas of dense lightning distribution. The table summarizes the distribution of 
ground-based lightning observations across different probability zones and their accuracy. Results 
indicate that only 6% of lightning strikes occurred in low-probability zones (below 20%). These 
scattered strikes in low-probability areas may have been missed due to indistinct cloud features or 
misinterpreted lightning data. Over 50% of lightning strikes occurred in high-probability zones, as 
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indicated by the red boundary area (50% probability line) in the figure. Their distribution overlapped 
with lightning-dense regions, effectively forecasting the location and area of thunderstorms. 

(a) (b) (c) 

Figure 11. Spatiotemporal distribution of the 15-minute thunderstorm probability forecast for the East China 
region on August 25, 2025 (UTC). 

Table 8. Quantitative verification of the East China regional forecast against ground-based lightning 
observations for the August 25, 2025 (UTC) event. 

Time 
Sample size(%) 

POD(46%) Precision 
<20 20-30 30-40 40-50 ≥50 Total 

7:30 139 151 298 436 887 1911 56.9% 34.6% 
7:45 100 160 271 438 886 1855 58.3% 38.4% 
8:00 97 111 287 435 906 1836 59.9% 35.9% 

Figure 12 illustrates the forecast results and corresponding accuracy for three consecutive 
periods in the South China region on August 27, 2025. A small-scale severe convective event occurred 
in this area between 09:00 and 12:00 UTC. As indicated in Table 9, the ground-observed lightning 
counts were significantly lower than those recorded during the East China event on August 25, 2025. 

The predicted thunderstorm zones in Figure 12 largely overlap with the actual lightning 
occurrence areas, with probabilities exceeding 40% assigned to the relatively dense lightning clusters. 
During this period, fewer high-probability zones (> 50%) were produced, and some regions were 
slightly underestimated. Analysis suggests that the relatively weak convective intensity, coupled 
with modest brightness temperature differences and limited temporal variation rates, resulted in 
lower overall probability scores. This subdued intensity is further evidenced by the sparse ground-
based lightning data. Despite the lower convective forcing, the model still accurately captured the 
radar-detected convective areas, demonstrating its reliability and robustness even under weak 
convective conditions. 

Figure 12. Performance of the thunderstorm probability model for the South China region across three 
consecutive intervals on August 27, 2025 (UTC). 
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Table 9. Quantitative verification of the South China regional forecast against ground-based lightning 
observations for the August 27, 2025 event. 

Time 
Sample size(%) 

POD(42%) Precision 
<20 20-30 30-40 40-50 ≥50 Total 

9:15 57 71 103 146 58 435 40.0% 22.7% 
9:30 23 52 137 180 30 422 42.4% 21.9% 
9:45 26 48 97 196 41 408 49.5% 27.5% 

5. Conclusions 

This study utilizes FY-4B/AGRI multi-channel infrared brightness temperature data and 
ground-based lightning observation records to construct AGToLightM, a 60-minute thunderstorm 
occurrence probability prediction model based on the Convolutional Block Attention Mechanism 
(CBAM) and an adaptive weighted loss function. Experimental validation was conducted across 
three typical thunderstorm-prone regions in North, East, and South China. The study also examined 
the differential contributions of various infrared channel features to thunderstorm identification and 
their radiative characteristics. Through a series of experiments and analyses, the following 
conclusions were drawn: 

1. This model effectively predicts thunderstorm occurrence areas and probabilities within the next 
60 minutes. Across all study zones, the average Critical Success Index (CSI) is 0.182, with a 
single-instance peak of 0.327. The average POD at the optimal CSI probability threshold is 39%, 
and the average precision is 48%. Areas with forecast probabilities exceeding 60% exhibit spatial 
consistency with regions featuring radar echoes above 50 dBZ. 

2. The AGToLightM generates higher probability estimates in intense convective regions, aligning 
closely with high-density lightning clusters. While some underestimation persists in areas of 
sparse or weakening convective activity, the model remains reliable under varying convective 
forcing. Future iterations could integrate numerical weather prediction (NWP) data and multi-
source sounding observations to further enhance model adaptability in complex meteorological 
environments. 

3. Channel ablation experiments indicate that the channel brightness temperature difference in FY-
4B/AGRI plays a dominant role in enhancing the modelʹs overall performance, while the 
temporal brightness temperature difference requires trade-offs based on accuracy requirements. 
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