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Highlights

What are the main findings?

* A radar—satellite-lightning multi-source spatiotemporally aligned dataset is constructed
for lightning identification and 0-1 h nowcasting by integrating radar composite re-
flectivity, Himawari-8/9 AHI observations, derived satellite features, and VLF-LLN
lightning labels.

* An explainability-guided and collinearity-aware channel-selection workflow is devel-
oped by combining PFI/SHAP evidence, channel clustering, validation-constrained
wrapper search, and backward redundancy elimination.

* Task-specific channel dependencies are identified: lightning identification is mainly
associated with current convective-core and cloud-top-state information, whereas 0-1 h
nowcasting requires additional features describing cloud-top structure, inter-channel
differences, and short-term evolution.

What are the implications of the main findings?

* The unified multi-source data organization provides consistent inputs, sequence samples,
and pixel-level labels for deep-learning-based lightning identification and nowcasting.

¢ The proposed selection strategy reduces redundant information in high-dimensional,
collinear remote-sensing inputs without relying on a single importance ranking as the
final criterion.

* The compact task-specific channel subsets provide physically interpretable guidance
for predictor selection at different warning lead times and support lightweight, opera-
tionally interpretable lightning nowcasting models.

Abstract

Radar and geostationary satellite observations provide essential information for lightning
identification and nowcasting. However, multi-source channels commonly exhibit corre-
lation and redundancy, and directly using all channels increases computational cost and
may degrade model performance. This paper focuses on lightning identification and 0-1 h
nowcasting, integrating radar composite reflectivity, Himawari-8/9 AHI multi-channel
observations, and VLF-LLN lightning location data to construct a multi-source spatiotem-
porally aligned dataset. Using baseline deep-learning-based identification and nowcasting
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models, this paper proposes a workflow for analyzing multi-source channel contribu-
tion differences and selecting key factors by integrating permutation feature importance
(PFI), SHAP attribution, channel collinearity grouping, and validation-set wrapper search.
The results show that radar composite reflectivity has a stable dominant contribution in
both tasks. The final selected channels are radar composite reflectivity, ABand 13, and
Band 14 + Band 09 for the identification task, while they are radar composite reflectivity,
Band 14, (Band 11 — Band 13) — (Band 13 — Band 15), and A(Band 08 — Band 13) for the
nowcasting task. Independent test results show that under fixed thresholds, the three-
channel identification model achieves a CSI of 0.433, outperforming the full 28-channel
model with a CSI of 0.415, while the four-channel nowcasting model achieves a CSI of 0.284,
outperforming the full-channel model with a CSI of 0.274. These results indicate that the
proposed method can reduce input dimensionality while maintaining or improving model
performance, and it can support multi-source predictor selection, lightweight deployment,
and operational interpretation in lightning nowcasting.

Keywords: lightning nowcasting; lightning identification; Himawari-8/9; radar; explainable
artificial intelligence; channel selection; PFI; SHAP

1. Introduction

Lightning is one of the most typical high-impact weather phenomena associated with
deep convective cloud systems. Strong lightning activity can cause casualties, trigger forest
fires, damage buildings and power facilities, and threaten aviation operations, commu-
nication systems, wind power generation, and transportation safety [1,2]. In mainland
China, lightning disasters have long been closely related to severe convective weather
and can cause substantial casualties and economic losses [3]. Lightning occurrence is
jointly affected by charge separation, ice-phase microphysical processes, updraft intensity,
precipitation particle distribution, and convective organization, and it is therefore highly
localized, abrupt, and spatially sparse. Because lightning often occurs together with heavy
rainfall, hail, thunderstorm gusts, and other hazardous weather, accurate minute-scale
identification and nowcasting of lightning occurrence areas are important for improving
severe-convective-weather warning capability and disaster prevention.

Existing lightning monitoring and nowcasting mainly rely on lightning location net-
works, radar, geostationary satellite observations, and numerical weather prediction data.
Lightning location data directly record lightning events, radar reflectivity characterizes
precipitation particle distribution and convective structures, and geostationary satellites
provide continuous observations of cloud-top and water vapor features. However, each
data source has inherent limitations, such as discrete event representation, radar cov-
erage and scanning constraints, satellite indirectness, and numerical-model uncertainty.
Therefore, a single data source is often insufficient to fully characterize the dynamical,
microphysical, and cloud-precipitation conditions required for lightning occurrence, and
multi-source remote-sensing fusion has become an important pathway for improving
pixel-level lightning identification and nowcasting.

In recent years, machine learning and deep learning have provided new technical
routes for lightning and severe-convection nowcasting. Mostajabi et al. [1] constructed a
machine-learning model using conventional meteorological variables for short-term light-
ning occurrence warning. LightningCast, proposed by Cintineo et al. [4], uses GOES-16
ABI multi-channel satellite imagery and a semantic-segmentation convolutional neural
network to predict lightning activity within the next 0-1 h. Leinonen et al. [5] systematically
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compared the contributions of radar, satellite, lightning observations, numerical forecasts,
and topographic data to thunderstorm-hazard nowcasting, while Leinonen et al. [2] further
developed a multi-hazard data-fusion model based on deep learning. These studies demon-
strate the value of multi-source observations and deep learning for nonlinear modeling
and high-resolution risk mapping.

For East Asia, the Advanced Himawari Imager (AHI) onboard Himawari-8/9 provides
16 spectral channels, a 10 min full-disk scanning capability, and a spatial resolution of
approximately 0.5-2 km [6]. Its visible, near-infrared, water vapor, and infrared-window
channels can characterize cloud-top temperature, water vapor transport, cloud phase,
cloud-top height, and convective development. Previous studies have shown that infrared
brightness temperature, brightness-temperature differences, multi-channel brightness-
temperature-derived variables, and cloud-top cooling features are useful for identifying
cloud-top physical changes related to convective initiation [7,8]. However, Himawari-8/9
multi-channel data contain clear physical relationships and statistical collinearity. Directly
feeding many raw and derived channels into deep learning models may increase training
and inference costs and reduce the physical interpretability of model results.

Although previous studies have shown that multi-source remote-sensing data and
deep learning can improve lightning and thunderstorm nowcasting, two issues still require
further investigation. First, input variables are often selected according to experience, data
availability, or existing operational products, and the relative contributions of different
radar and satellite channels remain insufficiently quantified. Second, current lightning
identification and future lightning nowcasting are physically related but not identical tasks.
The former depends more on mature cloud-precipitation and electrical-activity features,
whereas the latter requires an inference of future convective-development trends from
current observations. Thus, task-specific channel contribution analysis and redundancy
control are necessary for identifying stable, independent, and physically meaningful pre-
dictors. To address these issues, this paper develops a data-processing, deep-learning
modeling, and explainable channel-selection framework for lightning identification and
nowcasting using radar, Himawari-8/9 multi-channel satellite data, and Very Low Fre-
quency Lightning Location Network (VLF-LLN) lightning location data. The focus is to
obtain compact, stable, and physically meaningful key channel subsets under channel
collinearity and information redundancy, thereby providing references for predictor se-
lection, input-variable simplification, and severe-convection monitoring interpretation in
meteorological operations.

The main contributions of this paper are threefold. First, a radar-satellite-lightning
multi-source spatiotemporally aligned dataset is constructed for lightning identification and
nowcasting. Radar composite reflectivity, Himawari-8/9 AHI multi-channel observations
and derived features, and VLF-LLN lightning location data are unified to a 10 min temporal
interval, 2 km spatial resolution, and 256 x 256 grid size. Discrete lightning events are
converted into spatially continuous pixel-level supervision labels. This data organization
provides unified multi-source inputs, sequence samples, and labels for deep-learning-
based lightning nowcasting, and it also supports further analysis of how different radar
and satellite predictors affect lightning occurrence and evolution. Second, an explainable
channel-selection workflow is proposed by integrating permutation feature importance
(PFI)/SHapley Additive exPlanations (SHAP) evidence, channel-collinearity constraints,
and validation-constrained wrapper search. The workflow does not treat a single impor-
tance ranking as the final channel selection. Instead, PFI and SHAP are first used to form
candidate evidence; channel-correlation grouping is then used to control redundancy; for-
ward selection verifies stable gains from candidate channels; same-cluster coexistence tests
examine whether highly correlated reserve channels still provide additional gains; and back-
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ward elimination evaluates the independent necessity of selected channels. This provides
an interpretable technical route for redundancy reduction, key-predictor identification,
and operational input-variable simplification in high-dimensional, collinear meteorolog-
ical remote-sensing features. Third, for current lightning identification and future 0-1 h
lightning nowcasting, this paper compares the contribution differences of radar composite
reflectivity, satellite channels, and derived features. The identification task focuses on the
correspondence between current observations and lightning occurrence areas, whereas
the nowcasting task uses continuous historical observations to infer future lightning evo-
lution. Their differences in channel dependence provide physical guidance for lightning
monitoring, warning-factor selection, and operational multi-source data applications.

2. Data Sources and Preprocessing

This paper uses three types of observations—namely, radar, geostationary satellite,
and VLF-LLN ground-based lightning location data—to construct a multi-source dataset for
lightning identification and nowcasting. The experimental dataset covers June-September
2023. The study domain is centered at 113.5°E and 24.0°N, and a 256 x 256 grid with 2 km
spacing is constructed outward from this center as the spatial input domain. The overall
workflow and the task-specific input and output formulations are summarized in Figure 1.
Different data sources are first temporally aligned, spatially resampled, and gridded into
samples with a 10 min temporal interval, 2 km spatial resolution, and 256 x 256 spatial size.
Lightning labels and sequence samples are then constructed for current-time identification
and future-period nowcasting tasks, respectively.

3. Modeling (E task & F task)

A. Lightning identification (Task E)
4. Explainable channel
selection and evaluation

1. Data Sources | 2. Data Alignment | Tnput Model Target / Output
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Figure 1. Schematic overview of the proposed multi-source lightning identification and nowcasting
framework. The figure summarizes the data sources, spatiotemporal harmonization, Task E and Task
F input and output formulations, task-specific modeling, and explainability-guided channel selection
and evaluation procedures described in the corresponding Sections 2 and 3. Colors distinguish the
major workflow modules and task components, while arrows indicate the direction of data processing
and information flow. The ellipses in the Task F input and output sequences denote the intervening
temporal frames between the displayed endpoints rather than incomplete content.

More specifically, the multi-source observations and detection hardware comprise the
following: (1) radar observations from the China New Generation Doppler Radar (S-band)
network, which provide radar composite reflectivity products; (2) satellite observations
from the Advanced Himawari Imager (AHI) onboard the Himawari-8/9 geostationary
meteorological satellites; and (3) lightning observations from the ground-based Very Low
Frequency Lightning Location Network (VLF-LLN), which uses orthogonal magnetic-loop
antennas to capture lightning stroke signals.
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2.1. Radar Data

Radar composite reflectivity products from the national radar dataset of the China
Meteorological Administration are used as radar inputs. The China New Generation Radar
network provides high-spatiotemporal-resolution radar observations for severe-convection
monitoring [9]. Composite reflectivity represents the strongest radar echo in the vertical
direction and reflects precipitation particle distribution, strong echo cores, and convective-
system intensity. For lightning occurrence, strong echo regions usually correspond to
stronger updrafts, the growth of ice-phase particles, and mixed-phase particle collisions,
and therefore they have clear physical links to in-cloud charge separation and lightning
activity [10,11].

The original radar data have a spatial resolution of 1 km, a temporal resolution
of 6 min, and an image size of 512 x 512. To unify them with satellite and lightning
data, radar images are downsampled to 256 x 256 and temporally interpolated from the
6 min radar sequence to the 10 min temporal framework. The interpolation method is
based on optical-flow fields and spatiotemporal weighting constraints, and it is used
to reduce inconsistencies among radar observation times, satellite scanning cycles, and
lightning aggregation windows, ensuring temporal comparability among multi-source
inputs. A similar preprocessing strategy has also been adopted in pixel-level lightning-
identification research, where China Meteorological Administration (CMA) radar data with
1 km spatial resolution and 6 min temporal resolution were downsampled and temporally
reconstructed using an optical-flow-based interpolation method to reduce radar-satellite
temporal mismatch [12].

2.2. Satellite Data

Satellite data are obtained from the Advanced Himawari Imager (AHI) onboard
Himawari-8/9. AHI provides full-disk observations in 16 spectral channels covering visible,
near-infrared, water vapor, and infrared bands. Its full-disk scanning interval is 10 min,
and the spatial resolution at the sub-satellite point is approximately 0.5-2.0 km [6]. Because
this paper requires continuous day-night monitoring and focuses on deep-convective
cloud tops and water vapor structures, infrared and water vapor-related channels are
mainly used. Visible and near-infrared single channels (Bands 1-7) are not used because
their reflectance-based signals show strong day—night differences and become largely
unavailable or physically invalid at night; excluding them ensures consistent all-day inputs
from a physical perspective.

In addition to basic brightness—temperature channels, this paper further constructs
brightness—temperature differences, multi-channel brightness—temperature-derived vari-
ables, short-term temporal differences, and ratio variables to enhance the representation
of cloud-top height, cloud phase, cloud-top cooling, vertical water vapor structure, and
ice-phase microphysical processes. Here, TBB denotes the single-channel brightness temper-
ature, BTD denotes a two-channel brightness—temperature difference, and TTD denotes a tri-
spectral brightness—temperature difference constructed from three infrared channels. The
final input variables consist of one radar variable and 27 satellite variables, including radar
composite reflectivity, Himawari-8/9 water vapor and infrared brightness—temperature
channels, and derived brightness-temperature difference, multi-channel calculation, tem-
poral difference, and ratio features. The input variables and their physical meanings are
listed in Table 1.

All satellite data are cropped to the study area and resampled to the same 2 km,
256 x 256 grid as the radar data and lightning labels, ensuring pixel-level spatial corre-
spondence among different data sources.
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Table 1. Input Variables and Physical Meanings.

Index Type Input Variable Band or Formula Physical Meaning

C4 Radar Composite reflectivity ~ Radar composite reflectivity Represents precipitation particle distribution, strong echo cores, and convective intensity

C5 Satellite TBBO08 Band 8,6.2 um Upper- to mid-tropospheric water vapor information near deep-convective cloud tops

Ceé Satellite TBB09 Band 9,6.9 um Mid-level water vapor, convective cloud extraction, and radar-reflectivity-retrieval-related feature

c7 Satellite TBB10 Band 10,7.3 um Lower- to mid-level water vapor related to moisture conditions during convective development

Cc8 Satellite TBB11 Band 11, 8.6 um Cloud phase and thin cirrus identification; sensitive to ice-cloud and cloud-top microphysical features

c9 Satellite TBB13 Band 13,10.4 pm Cloud-top brightness temperature and cloud-top height; lower brightness temperature usually indicates higher cloud top

C10 Satellite TBB14 Band 14,11.2 pm Infrared-window brightness temperature for clear-sky moisture monitoring, convective initiation, and overshooting-top detection

cn Satellite TBB15 Band 15,12.4 um Split-window channel for clear-sky moisture retrieval, convective-cloud extraction, and cloud microphysics

C12 Satellite TBB16 Band 16,13.3 um CO;, absorption channel for cloud-top height retrieval and severe-convection extraction

C13 Satellite TTD11-13-15 (TBB11 — TBB13) — (TBB13 — TBB15) Multi-channel variable from Bands 11, 13, and 15, representing cloud-top glaciation and mixed-phase microphysical structure

C14 Satellite TTD11-14-15 (TBB11 — TBB14) — (TBB14 — TBB15) Multi-channel variable for convective initiation and enhanced cloud-top phase differences

C15 Satellite Delta(B08-B13) (TBB08 — TBB13 (TBB08 — TBB13);-1 Short-term change in cloud-top height relative to the tropopause; a proxy for convective vertical-development tendency

Cle Satellite Delta(B16-B13) (TBB16 — TBB13); — (TBB16 — TBB13);_1 Short-term trend of cloud-top height changes, describing convective vertical growth

C17 Satellite Delta TBB13 TBB13; — TBB13;_; Cloud-top cooling rate, indicating rapid cloud-top uplift and convective intensification

C18 Satellite BTD08-10 TBB08 — TBB10 Related to precipitation and total column water vapor retrieval; represents vertical water vapor structure

C19 Satellite BTDO08-13 TBB08 — TBB13 Related to cloud-top height relative to the tropopause and precipitation retrieval

C20 Satellite BTD09-10 TBB09 — TBB10 Mid-level water vapor difference representing mid-tropospheric humidity structure

C21 Satellite BTD09-14 TBB09 — TBB14 Difference between water vapor and infrared-window channels for identifying overshooting tops and severe convection

C22 Satellite Ratio10-14 TBB10/TBB14 Ratio between water vapor and infrared-window brightness temperature, assisting high-level ice-cloud and deep-convection identification
C23 Satellite BTD10-13 TBB10 — TBB13 Difference between lower- to mid-level water vapor and cloud-top brightness temperature, reflecting water vapor distribution and cloud-top structure
C24 Satellite Ratiol1-14 TBB11/TBB14 Ratio between cloud-phase-related and infrared-window channels, describing cloud-emissivity differences

C25 Satellite BTD11-14 TBB11 — TBB14 8.6 pm minus 11.2 um brightness—temperature difference for distinguishing ice cloud, water cloud, and clear sky

C26 Satellite BTD13-15 TBB13 — TBB15 Split-window brightness—temperature difference representing cloud microphysical properties and particle size

Cc27 Satellite Sum14-09 TBB14 + TBB09 Combined infrared-window and water vapor feature representing high clouds and water vapor environment

C28 Satellite BTD14-15 TBB14 — TBB15 Split-window brightness—temperature difference for distinguishing water cloud, ice cloud, and particle size

C29 Satellite Ratio15-14 TBB15/TBB14 Split-window ratio enhancing ice-cloud recognition and cloud optical-thickness characterization

C30 Satellite BTD16-13 TBB16 — TBB13 Difference between CO; absorption and infrared-window channels for identifying deep/shallow convection and cloud-top height

C31 Satellite BTD16-14 TBB16 — TBB14 Difference between CO; absorption and infrared-window channels, reflecting deep-convective intensity and cloud-top vertical structure
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For reproducibility and convenient reporting of channel-selection experiments, unified
experimental indices are assigned to variables in the data files. VLF-LLN lightning-label-
related intermediate variables are denoted as C0-C3; these variables are used only for
label construction and data organization and are not included as model input channels.
Radar composite reflectivity is denoted as C4, and Himawari-8/9 AHI direct brightness—
temperature channels and their derived variables are denoted sequentially as C5-C31.
The Cxx notation is only an experimental index for data organization and result tracking,
and it does not represent a new physical channel name. The real observational channels,
calculation forms, and physical meanings of model input variables C4-C31 are given
in Table 1.

2.3. Lightning Data and Label Construction

The lightning location data used as supervision labels are derived from the Very Low
Frequency Lightning Location Network (VLF-LLN) established by Nanjing University of
Information Science and Technology. Since 2021, this network has deployed an observation
array across China with 24 stations extending from west to east and covering plateaus,
plains, basins, and major urban agglomerations [13]. Each station uses two orthogonal
magnetic-loop antennas to receive VLF magnetic-field signals in the east-west and north—
south directions, and real-time continuous acquisition is performed using a pre-triggering
strategy in which a lightning event is recorded once the signal intensity exceeds a preset
threshold [14]. Observational results indicate that VLF-LLN can achieve a detection radius
exceeding 3000 km. Its relative detection efficiency is approximately 53%, and after prop-
agation correction and peak-time-delay compensation, the median positioning accuracy
reaches approximately 1.81 km [15,16]. The spatial distribution of the 24 VLF-LLN stations
is shown in Figure 2.

Altitude (m)
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I 4500
= 4000
3500

I~ 3000

2500

Latitude
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} ; 1500
2 i & ; 1000
% " 3 o e - E
150 B 4 I 0
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Longitude

Figure 2. Spatial distribution of VLF-LLN stations, adapted from Liu et al. [13]. Black diamonds
denote the VLF-LLN station locations, and the background shading represents terrain elevation
in meters.

The raw lightning data record the occurrence time and longitude-latitude position of
discrete lightning events. To match the 10 min scanning cycle of Himawari-8/9, lightning
events are first aggregated within 10 min windows and projected onto the unified 2 km
grid. For the 10 min window corresponding to time ¢, the lightning frequency at grid point
(i,7) is defined as

Nt

Le(i,j) = Z I[(xn,yn) € Gijl, 1)

n=1

where N; is the total number of lightning events within the time window, (x4, yn) is the
projected grid coordinate of the n-th lightning event, G;; is the (i,j)-th grid cell, and
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I(-) is the indicator function. This process converts discrete lightning points into a two-
dimensional lightning-frequency field on a regular grid.

Because lightning activity is spatially sparse and locally clustered, directly using point-
like labels can make the supervision signal too fragmented and aggravate positive-negative
sample imbalance. Previous lightning-nowcasting research expanded discrete lightning lo-
cations into continuous high-density lightning areas using a Gaussian distribution, thereby
representing the spatial influence range and internal frequency information of lightning ac-
tivity [13]. Therefore, this paper applies a circularly constrained two-dimensional Gaussian
kernel to spatially smooth the lightning-frequency field:

S¢ = clip(L¢ * Ky, 0, M), (2)

where * denotes two-dimensional convolution, K, is a Gaussian kernel with standard
deviation o, clip(-) denotes numerical truncation, and M is the upper truncation limit. The
Gaussian kernel is constrained by a circular mask and normalized:

1 2 2
Ko(u,0) = zexp<” 2 ) 102+ 02 < 12), ©)

where r is the circular-mask radius and Z is the normalization factor. This operation creates
a continuous local influence area around lightning events and facilitates convolutional
neural networks in learning the spatial correspondence between radar-satellite observations
and lightning activity.

To mitigate the potential label noise caused by the uneven detection efficiency of the
VLF-LLN network, three measures are adopted. First, the study domain is restricted to
the high-efficiency core coverage zone. Second, spatial Gaussian smoothing is applied to
buffer grid-scale positioning fluctuations; this density-blending strategy has been shown by
Liu et al. (2025) [13] to compensate for systematic errors in lightning location data. Third, a
spatially weighted loss function is used to focus model optimization on convective cores,
thereby reducing sensitivity to individual missing lightning strokes.

For the current-time lightning identification task, the single-time lightning-frequency
field is smoothed and converted into a binary lightning-occurrence label. Specifically, an
11 x 11 circular Gaussian kernel with a standard deviation of 3 grid points is used, and
the smoothed result is truncated to [0, 15]. A binary label is then constructed according to
whether the smoothed field is greater than zero:

1, S:(i,j) >0,

YE(i, i) =
a2 0, Si(i,j) = 0.

(4)

For the nowcasting task, 12 consecutive time steps are organized as one sequence
sample. The first six frames of multi-source observations are used as input, and the
following six frames of lightning activity fields are used as prediction targets. The interval
between adjacent frames is 10 min; therefore, the model uses the past 60 min of observations
to predict lightning activity in the next 60 min. The same spatial Gaussian smoothing,
clipping, and normalization procedure is applied to each of the six target frames, and
no additional lead-time-dependent temporal weighting is imposed on the nowcasting
labels. These label-generation parameters are fixed before channel selection and kept
identical for all channel subsets so that performance differences mainly reflect changes
in input channels rather than changes in target construction. During training, processed
lightning-activity fields are normalized to [0, 1]. During evaluation, target-event labels
are fixed before any prediction-threshold scan. For Task E, the target-event label is the
binary lightning-occurrence label defined in Equation (4). For Task F, the normalized
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observed lightning-activity field is converted into binary target-event labels using the fixed
target-occurrence threshold used for fixed-threshold evaluation. Threshold scanning is
then applied only to the model-predicted fields.

This unweighted six-frame target design is consistent with the aggregate evaluation
protocol used in precipitation-nowcasting studies in which all predicted frames within an
output window are treated equally when computing skill scores [17]. In this paper, this
design keeps the channel-selection objective aligned with the full 0-1 h nowcasting window
rather than favoring a specific lead time during feature screening.

The preprocessing costs of the three observation sources also differ when they are
converted into unified samples with a 10 min temporal interval, 2 km spatial resolution,
and 256 x 256 grid size. For radar data, preprocessing includes radar composite reflec-
tivity product decoding, study-area cropping, spatial-grid unification, optical-flow-based
interpolation from the 6 min radar sequence to the 10 min temporal grid, and writing
to .mat files; the representative single-frame processing time is approximately 1.472 s.
For Himawari-8/9 AHI satellite data, preprocessing includes NC-file reading, study-area
cropping, 16-channel array caching, C5-C31 direct and derived channel calculation, and
.mat file writing, with a single-frame processing time of 1.302 s. For VLF-LLN lightning
location data, preprocessing includes 10 min window aggregation, longitude-latitude-to-
grid mapping, Gaussian-kernel smoothing, numerical clipping, binary-label generation,
and .mat file writing with a single-frame processing time of 0.023 s. The representative
single-frame preprocessing times for the three data sources are summarized in Table 2.

Table 2. Single-frame preprocessing time for the three data sources.

Data Source Single-Frame Processing Time
Radar data 1.472 s frame ™!
Himawari-8/9 AHI satellite data 1.302 s frame !
VLF-LLN lightning location data 0.023 s frame ™!

These timing results correspond to the preprocessing steps before sample construction
and do not include data downloading, model training, or result visualization. Overall, the
single-frame preprocessing costs of all three data sources are on the order of seconds or less.
Large-area radar and satellite products are decoded, cropped, and cached before sample
assembly, and the cached products are reused in subsequent sample organization, thereby
reducing repeated reading and repeated computation over the original large-area products.

Figure 3 shows an example of multi-source data aligned at the same time, including
radar composite reflectivity, satellite cloud-top brightness temperature, a cloud-top-cooling
proxy, and the lightning occurrence label.

y i N " (d) Lightning events and Gaussian label
(a) Radar composite reflectivity (b) Cloud-top brightness temperature (c) Cloud-top cooling proxy

Q“

» P 3 _"i : F Y ‘ “

-

Figure 3. Example of spatially aligned radar, satellite, and lightning-label fields. In panel (d), the
red dots denote the original discrete lightning-event locations overlaid on the Gaussian-smoothed
lightning label.
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3. Experiments and Methods
3.1. Task Definition for Lightning Identification and Nowcasting

Lightning occurrence modeling is divided into two related but physically different
tasks: current-time lightning identification and future-period lightning nowcasting, as
schematically summarized in Figure 1. The former determines whether lightning activity
already exists at pixels corresponding to current radar and satellite observations, while
the latter predicts the future spatial distribution of lightning activity based on a recent
sequence of multi-source observations. This task division separately characterizes the
current diagnostic features and short-term evolution features of deep convective systems.

For brevity, the current-time lightning identification task is denoted as Task E, and the
future 0-1 h lightning nowcasting task is denoted as Task F throughout this paper.

In the model implementation, U-Net [18] is used as the baseline segmentation model
for current lightning identification, and SimVP [19] is used as the baseline spatiotempo-
ral prediction model for future 0-1 h lightning nowcasting. Because model-architecture
improvement is not the main contribution of this paper, the two models are used as fixed
baseline frameworks to compare the relative contributions of different radar and satellite
channel combinations under identical training conditions.

The two task branches summarized in Figure 1 are formalized below using the same
10 min temporal interval, 2 km spatial resolution, and 256 x 256 grid introduced in the
preprocessing workflow.

For the lightning identification task, the current multi-source input is denoted as

X; € RCXHXWI (5)

where C is the number of input channels, and H and W are the image height and width,
respectively. All samples are unified to H = W = 256. The identification model learns the
mapping from current multi-source observations X; to the current lightning-occurrence
label YF:

YE = fe(Xs), (6)

where YF € [0,1]7*H*W is the pixel-level lightning occurrence probability map. Binary
lightning occurrence areas are obtained after thresholding.

For the lightning nowcasting task, the model input is a sequence of multi-source
observations from the previous six time steps with a 10 min interval between adjacent
time steps:

Xt75:t c RTMXCXHX W, (7)

where T;,, = 6. The nowcasting model outputs lightning occurrence probability fields for
the next six consecutive time steps:

Yf+1:t+6 = fr(Xi—s:t), (8)

where Yf 146 € [0, 1] TouIxHXW and T,,; = 6. Thus, the nowcasting task corresponds to
multi-step pixel-level lightning risk prediction within the 0-1 h lead-time window.

It should be emphasized that this paper does not focus on direct lightning-frequency
regression. Instead, it focuses on identifying and nowcasting lightning occurrence areas.
The lightning-frequency field is mainly used to construct spatially continuous training
labels and is converted into lightning occurrence labels suitable for model training and
evaluation through smoothing, truncation, and thresholding.
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3.2. Dataset Organization, Experimental Settings, and Evaluation Metrics
3.2.1. Dataset Organization

After preprocessing, three data organizations are formed. Basic single-time samples
are saved as multi-channel .mat files on the unified grid; identification-task data add
current-time lightning occurrence labels to the basic samples; and nowcasting-task data
organize 12 consecutive frames into one sequence sample. Only samples with lightning
occurrence and complete radar—satellite-lightning fields during June-September 2023
are used for model training and evaluation. The eligible samples are randomly divided
into training, validation, and test subsets. For the identification task, each timestamp is
assigned to only one subset. For the nowcasting task, each sample consists of 12 consecutive
10 min frames, and samples assigned to different subsets are separated by at least 60 min
(six frames) to avoid duplicated adjacent-frame windows across different subsets. The
current dataset size is shown in Table 3.

Table 3. Dataset organization and sample numbers after lightning-occurrence filtering.

Dataset Train Validation Test Organization Task Usage
Single-frame identification dataset 5321 1141 1140 one .mat per timestamp current lightning identification
12-frame nowcasting dataset 958 205 206 one folder per 12-frame sequence future lightning occurrence nowcasting

For the identification task, each sample contains multi-source inputs and a current-time
binary lightning occurrence label. The model input consists of radar composite reflectivity
and satellite-related variables, and the output is a pixel-level lightning occurrence probabil-
ity map. For the nowcasting task, each sample contains 12 consecutive time steps; the first
six frames are used as the input sequence, and the last six frames are used as supervision
targets for predicting future 0-1 h lightning activity.

Channel selection requires many repeated training runs. To reduce computational
cost and ensure comparability among candidate combinations, the selection stage mainly
uses the training set for model-parameter learning and a fixed validation set for threshold
scanning and channel-combination comparison. Validation metrics in this stage are used to
compare the relative performance of different channel combinations and are not directly
equivalent to final generalization performance on the independent test set.

3.2.2. Model Training and Hyperparameter Settings

Experiments are implemented using PyTorch 2.5.0 with CUDA 11.8 and performed
in parallel on two NVIDIA RTX 3090 GPUs. When multiple CUDA devices are detected,
DataParallel is enabled for data-parallel training. To remove the influence of different
units and numerical ranges on model training and feature-importance analysis, all radar
and satellite input channels are standardized channel by channel. For the c-th input channel,
its mean y. and standard deviation o, are first computed on the training set, and then the
same channel in the training, validation, and test sets is standardized using

;- Xe— pe
=7 ©)
where € is a small constant to avoid division by zero. Validation and test statistics are not
recomputed; training-set statistics are used to avoid data leakage and ensure consistent
processing across data splits.

For the identification task, U-Net is used as the baseline model, the initial channel
width is set to 16, and the number of input channels changes with the channel combination.
Training uses the Adam optimizer, an initial learning rate of 0.001, a batch size of 10, a
maximum of 100 epochs, and a random seed of 42. The loss is a combination of weighted

https://doi.org/10.3390/1s18142383


https://doi.org/10.3390/rs18142383

Remote Sens. 2026, 18, 2383

12 of 33

binary cross-entropy and Dice loss, which is commonly used to alleviate class imbalance in
sparse segmentation targets [20,21]:

Lr = 0.7Lwpce + 0.3LDpice- (10)

The additional weights for false-alarm pixels and missed-detection pixels in the
weighted binary cross-entropy are set to 2.0 and 1.5, respectively. The identification task
uses ReduceLROnPlateau based on validation loss, with a decay factor of 0.5, scheduler
patience of 3, and minimum learning rate of 10~°. Early stopping is applied when vali-
dation loss does not improve for 10 consecutive epochs, and the weights with the lowest
validation loss are retained.

For the nowcasting task, SimVP is used as the baseline model. The input shape is
[6,C,256,256], where C is the number of input channels in the current combination, and the
spatial hidden dimension is 64. Training uses the Adam optimizer, an initial learning rate
of 0.002, a batch size of 3, a maximum of 50 epochs, and a random seed of 42. A weighted
mean squared error is used:

1

_ AV .
=N (7 —yi)*(32y; + 1), (11)

M=

Lr

1

where §j; and y; are the prediction and truth for the i-th pixel. This loss assigns larger
weights to regions with larger label values, making the model focus more on lightning-
related areas. The nowcasting task also saves the best weights based on validation loss and
uses early stopping with patience of 10.

3.2.3. Evaluation Metrics and Thresholds

Because lightning occurrence areas are much fewer than background areas, accuracy
alone cannot reflect a model’s ability to identify lightning targets. This paper uses POD,
FAR, and CSI, which are commonly used in lightning warning and severe-convection
nowecasting [22,23]:

TP

POD = TP+ EN’ (12)
FpP
FAR= —— 1
TP + FP’ (13)
TP
[=— —— 14
S TP+ FP+ FN’ (14)

where TP, FP, and FN denote hit, false-alarm, and missed-detection pixels, respec-
tively. POD represents the ability to capture real lightning areas; FAR represents the
proportion of false alarms among predicted lightning areas; and CSI jointly considers
hits, false alarms, and missed detections, providing a more comprehensive metric for
sparse-event identification.

During channel selection, the maximum CSI on the validation set is used as the primary
comparison metric. For both Task E and Task F, target-event labels are fixed before threshold
scanning. Candidate prediction thresholds are scanned only on the model-predicted fields,
and the prediction threshold 7, that maximizes validation CSI and its corresponding
metrics is recorded as CSI*. In this paper, candidate prediction thresholds are scanned from
0.01 to 0.99 with a step of 0.01. Metrics under fixed prediction thresholds are also retained
as diagnostic results and operational threshold references. The fixed prediction thresholds
used for independent test evaluation are determined from validation-set diagnostics and
then kept unchanged when applied to the test set. In final evaluation, the full 28-channel
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baseline models and selected compact-channel models are applied to the independent
test set, and both fixed-prediction-threshold and diagnostic test-set prediction-threshold-
scan results are reported. Fixed-threshold results reflect direct test performance under
predefined prediction thresholds, whereas diagnostic test-set prediction-threshold scanning
is used only as a reference for threshold sensitivity and potential upper-bound performance,
and it is not used for channel selection, model selection, or main workflow optimization.
Therefore, the forward-selection gains and backward-elimination losses described below
are computed using validation-set threshold-optimized CSI* rather than fixed-threshold
test CSL.

3.3. Explainable Channel Selection Workflow
3.3.1. Explainability Evidence and Channel Collinearity Analysis

Himawari-8/9 multi-channel observations and their derived brightness-temperature-
difference variables describe the cloud-top temperature, water vapor structure, cloud
phase, and convective development from different perspectives, but they also contain
clear redundancy and collinearity. Directly using all channels increases training and infer-
ence costs and reduces interpretability. Therefore, this paper designs a channel-selection
workflow composed of explainability analysis, collinearity constraints, and validation-set
wrapper search.

First, identification and nowcasting models are trained under the full 28-channel
setting, and PFI [24] and SHAP [25] attribution results are computed for each channel. PFI
measures the contribution of a channel to the overall prediction performance by perturb-
ing the channel and observing the resulting performance decrease [24]. If perturbing a
channel causes a clear CSI drop, the channel contains useful information that is difficult
to fully replace using other channels. SHAP attributes model outputs at the sample level
and measures local dependence on each channel [25]. PFl is closer to a global perfor-
mance contribution, whereas SHAP is closer to local attribution strength; the two provide
complementary evidence.

To ensure statistical robustness, PFI calculations are evaluated on the entire validation
dataset (1141 samples for Task E and 205 sequence samples for Task F). For SHAP, 500 and
205 validation instances are randomly sampled for Task E and Task F, respectively, using
100 training samples as the background set. To preserve spatial-temporal autocorrelation
within the gridded fields (256 x 256 pixels), PFI uses sample-level permutation, in which
the entire 2D field (or 6-frame sequence) of a target channel is swapped between samples.
For SHAP, raw pixel-level attribution maps (256 x 256 or 6 x 256 x 256) are averaged
across spatial pixels, time frames, and evaluated samples to obtain a single importance
score for each channel. PFI evaluations are repeated five times under different seeds, and
the resulting standard deviations are negligible (<0.003), confirming the stability of the
channel rankings.

Second, input variables are grouped according to Pearson correlation coefficients.
Because Task E and Task F have different data organizations, channel correlation matrices
are computed separately on the training sets of the two tasks. For each task, 300 training
samples are randomly selected, and full-resolution 256 x 256 pixels are used for statistics.
For the nowcasting task, one frame is randomly selected from the six input time steps of
each sample for correlation estimation. Let x., and Xe; be the flattened pixel vectors of
channels ¢; and c;. Their Pearson correlation coefficient is

i = Ek(xc,v,k xci) (xcj,k ij) ' (15)
Zk(xci,k - fcz‘)z Zk(xcj,k - fcj)z
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After obtaining the correlation matrix, the channel distance is defined as d;; = 1 — |r;j,
and average-linkage hierarchical clustering is used for grouping. The distance threshold
is set to 0.15, approximately corresponding to a strong correlation of |r| > 0.85, to iden-
tify highly collinear channel clusters. Figures 4 and 5 show the hierarchical clustering
trees for Task E and Task F, respectively, and the dashed line indicates the default cutoff.
Low-distance branches formed by the brightness—temperature, brightness—temperature-
difference, and multi-channel calculation variables are evident in both tasks, indicating
obvious collinearity among some satellite-derived variables. Figure 6 further shows the
clustering results in correlation-matrix form, where colors indicate signed Pearson corre-
lations and black boxes denote channel clusters obtained at 4 = 0.15. This threshold is
selected by analyzing the structure of the hierarchical clustering tree (Figures 4 and 5).
Setting the threshold too low (e.g., d < 0.15, corresponding to |r| > 0.85) moves the cutoff
line to the left, resulting in many fragmented and highly collinear clusters. This would
fail to remove redundancy effectively and would leave an excessively large candidate
space for the wrapper search. Conversely, setting the threshold too high (e.g., d > 0.15)
moves the cutoff line to the right and merges channels with lower correlations into the
same cluster. This may group physically distinct properties, such as separate water vapor
and cloud-phase signatures, causing the selection algorithm to overlook independently
valuable features during representative screening. Thus, d = 0.15 represents a practical
trade-off between redundancy removal and feature diversity preservation. Overall, sev-
eral brightness—temperature and brightness-temperature-difference variables form stable
high-correlation clusters in both tasks, while radar composite reflectivity is relatively in-
dependent. This provides a basis for subsequent channel redundancy reduction. The Cxx
experimental indices are retained in channel-selection result tables for reproducibility, and
their real bands and formulas are given in Table 1.

For both Task E and Task F, the PFI and SHAP evidence is normalized using the same
robust procedure before aggregation. Negative PFI values are retained in the diagnostic ta-
ble but are clipped to zero for positive-contribution scoring; i.e., max(PFI, 0) is transformed
using a median absolute deviation (MAD) robust z-score. Because raw SHAP magnitudes
can have a long-tailed distribution, SHAP is first compressed as log(1 + SHAP) and then
transformed using the same MAD robust z-score. If MAD is zero, the interquartile range
(IQR)/1.349 or the standard deviation is used as a fallback. The combined evidence score is
defined as 0.5 x PFI, ;s + 0.5 X SHAP, ppys:-

————— d=0.15 (Ir|=0.85)
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Figure 4. Average-linkage hierarchical clustering tree of the 28 input channels for Task E. The cluster-
ing distance is defined as d = 1 — |r|, and the dashed line indicates the default cutoff d = 0.15. Different
colors distinguish separate channel clusters formed below the cutoff, whereas gray branches indicate
higher-level linkages above the cutoff; the colors do not encode an additional quantitative variable.
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Figure 5. Average-linkage hierarchical clustering tree of the 28 input channels for Task F. The dashed
line indicates the default cutoff 4 = 0.15, approximately corresponding to |r| > 0.85. Different
colors distinguish separate channel clusters formed below the cutoff, whereas gray branches indicate
higher-level linkages above the cutoff; the colors do not encode an additional quantitative variable.
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Figure 6. Pearson-correlation clustering matrix of the 28 input channels for Task E and Task F.
Channels are reordered by average-linkage clustering using d = 1 — |r|, and black rectangles indicate
clusters obtained with the default cutoff 4 = 0.15.

After collinearity clustering, PFI and SHAP results are projected onto the same channel-
cluster framework to jointly examine the independent performance contribution, local
attribution strength, and same-cluster redundancy. Figures 7 and 8 show the cluster-
grouped PFI/SHAP evidence for Task E and Task F, respectively. The upper panel is the
combined signed score after the robust standardization of PFI and SHAP, and the lower
panel gives the 0.5x PFI robust and 0.5x SHAP robust components. Vertical dashed lines
indicate cluster boundaries, while black dots and red stars indicate main channels and
anchor channels entering the candidate process. The purpose of these figures is not to
directly provide the final channel combination but to support the classification of core
channels, diversity candidates, same-cluster reserve channels, and low-priority channels.
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Figure 7. Cluster-grouped signed PFI/SHAP components for Task E. Channels are grouped by
Pearson-correlation clusters and ordered by the best combined evidence within each cluster.
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Figure 8. Cluster-grouped signed PFI/SHAP components for Task F. The figure highlights task-
dependent differences in channel contribution and redundancy under the same collinearity-aware
grouping strategy.

3.3.2. Candidate Pool Construction

For highly correlated channels, if multiple variables carry similar information, they
should not be retained simply according to a single importance ranking. This paper com-
bines PFI, SHAP, and correlation grouping to classify channels into core channels, diversity
candidate channels, same-cluster reserve channels, and negative-contribution or low-priority
channels. Core channels are variables with stable explainability contributions and clear
physical meaning. Diversity candidates may provide information complementary to the core
channels. Same-cluster reserve channels are highly correlated with selected channels but
may still provide supplementary information under local conditions. Negative-contribution
or low-priority channels are generally excluded from routine expansion.

After constructing the candidate pool, validation-constrained wrapper forward se-
lection and backward elimination are used to confirm the actual performance of channel
combinations. The overall workflow is shown in Figure 9. This process does not add
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channels one by one according to PFI or SHAP ranking; instead, it retrains models to test
whether adding candidate channels can stably improve validation CSI and then tests in the
backward stage whether removing selected channels causes no effective performance loss.

1. Task-wise evidence and Full 28-channel model + Task-wise Pearson- . .
Run E / F separately 3 . Build candidate pools
pools PFUSHAP correlation clustering
Start from initial core Pair search and . . Same-cluster coexistence
. Single-channel addition
. baseline refinement test
2. Forward selection

Addition / coexistence rule: mean ACSI* > ¢_task and >2/3 seeds show positive gains (¢ E=0.002, £ F=0.010).

Start from forward- . . . Remove redundant
Drop-one evaluation Deletion-loss confirmation
selected subset channel and repeat

3. Backward elimination

Deletion rule: mean CSI* drop <_task and 22/3 seeds have CSI* drop < ¢_task (_E = 0.002, &_F =0.010)

4. Final test and comparison ‘ Final compact subsets Validation-CST*-based TIndependent test Compare full vs compact

$_Eand S_F subset selection evaluation metrics

Figure 9. Schematic explainability-guided channel selection workflow. Task E and Task F are
processed separately using full 28-channel PFI/SHAP evidence, Pearson-correlation clustering,
validation-constrained forward wrapper search, backward redundancy elimination, and inde-
pendent test comparison. The task-specific empirical thresholds are eg = 0.002 for Task E and
e€r = 0.010 for Task F.

3.3.3. Validation-Constrained Forward Wrapper Search

To reduce the influence of training randomness, a multi-random-seed confirmation
mechanism is used. Specifically, the multi-random-seed confirmation uses three random
seeds for repeated training, which are denoted as S1, 52, and S3 in the tables; accordingly,
the stability criterion requires at least two out of three random seeds to satisfy the gain
or deletion-loss condition. The minimum effective-change threshold is treated as a task-
specific empirical screening threshold with e = 0.002 for Task E and er = 0.010 for Task
F. These thresholds are not statistical-significance thresholds; instead, they are applied
together with the multi-seed consistency rule to reduce the risk of mistaking seed-level
fluctuations for stable channel contributions. CSI differences on the order of 10~ have been
reported and compared in precipitation-nowcasting studies [26,27], providing a practical
scale reference for interpreting small CSI changes in the wrapper search. During the forward
wrapper search, for each candidate A, the augmented set S, is first constructed as

Scand = Scurrent U A. (16)

The corresponding validation gain ACSI* is then evaluated as

ACSI* (A | Scurrent) = CSI™(Scana) — CSI* (Scurrent)- (17)

Promising candidates from rough screening are confirmed under multiple random
seeds. If the average ACSI* is > €,q¢ and at least two thirds of the seeds show positive
gains, the current set is updated:

Scurrent — Scurrent UA. (18)

If candidate A does not meet these criteria, Scysrent remains unchanged and other
candidates are tested. Through this set-update procedure, the currently used channels
and the candidate channels to be verified are explicitly distinguished, avoiding the direct
equivalence of PFI/SHAP ranking and final channel selection.
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Forward selection consists of three outer loops. The first outer loop establishes the
current baseline set. Based on PFI/SHAP evidence and physical meaning, an initial
candidate set is constructed from the core-channel pool and used as S¢yrent for training
and validation. This step does not exhaustively search for the optimal starting point among
all channels; instead, it confirms that the core observational information can form stable
initial prediction capability and provides a unified baseline for subsequent gain tests.

The second outer loop tests the incremental contribution of cross-cluster diversity
candidates and is further divided into pair-combination expansion and single-channel
addition. Given Scysrent from the first loop, all two-channel combinations A = {d;, d ]-}
are enumerated from the diversity candidate pool D, where d;,d; € D and i # j, and
Scand = Scurrent U A is constructed. All pair candidates are roughly screened under the
same training settings, and promising pairs enter multi-random-seed confirmation. If
a pair satisfies the task-specific average ACSI* threshold eq and at least two thirds
positive gains, it is considered to provide stable cross-cluster complementary information.
If multiple pairs meet the criteria, the pair with the highest average CSI* is added to Scyrrent-

After pair expansion, the second loop continues to test the remaining diversity
candidate channels one by one. For each remaining candidate d, A = {d} and
Scand = Scurrent U {d} are constructed, and the same rough-screening and multi-random-
seed confirmation rules are applied. If a single-channel candidate satisfies the addition
criteria, it is merged into Scyrrent. If none of the remaining candidates meets the gain and
stability requirements, the second loop stops. This design first tests possible combined com-
plementary effects among diversity channels and then determines whether an individual
candidate can still provide independent gains on the updated set, avoiding both the missed
selection and redundant retention caused by single-channel ranking.

The third outer loop tests coexistence gains from same-cluster reserve channels. For
the high-correlation clusters containing selected channels in Scyrrent, this paper does not
directly retain all channels in the cluster. Instead, reserve channels r are taken one at a time
from the same-cluster reserve pool, S.;,7 = Scurrent U {1} is constructed, and ACSI*({r} |
Scurrent) 18 calculated. This step tests whether a reserve channel can still provide additional
gains when jointly input with the current set rather than replacing the selected cluster
representative. Only reserve channels satisfying the multi-random-seed addition rules are
included. This loop avoids the redundant retention caused by collinearity while allowing
a small number of same-cluster channels with complementary local information to enter
subsequent evaluation.

3.3.4. Backward Redundancy Elimination and Search Scope

In the backward-elimination stage, the deletion of each channel ¢ € S¢yrrent is evalu-
ated. The channel set after deletion is

Sremove = Scurrent \ {C} (19)
The resulting performance loss drop* is calculated as
drOP* (C | Scurrent) = CSI*(Scurrent) —CSI* (Sremove)- (20)

If the mean drop* across multiple random seeds is <e,q and at least two thirds of the
seeds show no effective performance degradation, the channel is removed as redundant.
After each deletion, the next outer loop re-examines the remaining channels based on the
updated Scyrrent; otherwise, backward elimination stops and the current set is used as the
final compact subset.

The purpose of this strategy is not to exhaustively search all possible channel combina-
tions but to find a stable, compact, and physically meaningful subset at low computational
cost based on explainability evidence and collinearity constraints. It should be noted
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that this paper does not enumerate high-order combinations of multiple reserve channels
within the same cluster. For example, in a high-correlation cluster, two non-representative
channels might theoretically outperform a single cluster representative when used together.
Such combinations are not included in the main workflow because same-cluster chan-
nels are already highly collinear, and the main experiment focuses on verifying cluster
representatives and the effectiveness of a single same-cluster reserve channel coexisting
with the current set. Exhaustively testing same-cluster pairs or higher-order combinations
would rapidly expand the search space and weaken the purpose of clustering-based redun-
dancy reduction. Therefore, the channel combinations obtained in this paper should be
understood as empirically preferred subsets derived from PFI/SHAP evidence, collinearity
constraints, and validation-set wrapper search rather than proof of the global optimum
among all possible combinations of the 28 channels.

4. Results
4.1. Contribution Differences Between Identification and Nowcasting Tasks (PFI & SHAP)

To investigate how models utilize multi-source features across different tasks, PFI [24]
and SHAP [25] are applied to compare channel contributions in lightning identification
(Task E) and 0-1 h nowcasting (Task F). PFI measures global performance degradation
under channel perturbation, whereas SHAP quantifies local attribution at the sample level.
Combining both reveals task-dependent feature-dependence patterns.

Radar composite reflectivity consistently dominates in both tasks. This is physically
reasonable because radar echoes directly represent convective cores and ice-phase hydrom-
eteors essential for charging and lightning [10]. This confirms that the baseline models
capture physically meaningful meteorological relations rather than statistical artifacts.
Some figures and tables retain the Cxx indices defined in Table 1 for tracking consistency.

For Task E, the model relies on channels describing the instantaneous absolute state of
convective systems. In addition to radar composite reflectivity, both PFI and SHAP assign
high importance to Band 13, Band 14 + Band 09, Band 08 — Band 13, and Band 16. These
variables characterize cloud-top radiative intensity, height, and ice cloud proxies, indicating
that current-time identification is mainly controlled by the current absolute convective state.
The corresponding PFI and SHAP results are shown in Figures 10 and 11, respectively.
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Figure 10. PFI results for Task E under the full 28-channel setting.
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Figure 11. SHAP attribution results for Task E under the full 28-channel setting.

When shifting to nowcasting (Task F), the feature dependence changes substantially.
In Task F PFI analysis, differential or combined channels like (Band 11 — Band 13) —
(Band 13 — Band 15), A(Band 08 — Band 13), and Band 14 exhibit high or stable contri-
butions, while absolute channels like Band 16, Band 09, and Band 10 drop to near-zero
importance. This contrast shows that future lightning is difficult to forecast from instanta-
neous absolute states alone. Instead, nowcasting relies on features representing cloud-top
evolution and inter-channel differences, which serve as better proxies for atmospheric
instability and convective intensification [7,8]. The corresponding PFI and SHAP results
are shown in Figures 12 and 13, respectively.
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Figure 12. PFI results for Task F under the full 28-channel setting.
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Figure 13. SHAP attribution results for Task F under the full 28-channel setting.

Substantial differences between SHAP and PFI highlight feature collinearity. For
instance, Band 14 + Band 09 ranks high in SHAP but nearly last in PFI in Task F, indicating
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that its local attribution is high but its global contribution is largely redundant and com-
pensated by related channels. This shows that relying on a single explainability method
can overestimate the independent contribution of correlated features [28,29]. Therefore,
robust channel selection should jointly evaluate SHAP and PFI, motivating our multi-step
wrapper selection workflow.

4.2. Channel Selection Results for the Identification Task
4.2.1. Candidate Channel Set Obtained by Forward Selection for Task E

For Task E, validation-constrained forward wrapper search is applied using PFI/SHAP
candidates and collinearity grouping under multiple random seeds to ensure stability. The
baseline core set {C4, C27} (radar composite reflectivity and Band 14 + Band 09) achieves a
mean validation CSI* of 0.458110 £ 0.002479 across random seeds (Table 4). The diversity
candidate pair expansion results are shown in Table 4.

Table 4. Task E diversity pair expansion results in forward selection.

Stage Seurrent  Candidate A Seana S1CSI* S2CSI*  S3 CSI* };’Ice;;‘ If:;f) Decision

Core baseline - - {C4,C27} 0.460033  0.458984  0.455313 - - Baseline for loop 2

Pairexpansion ~ {C4,C27} {C17,C15} {C4,C15,C17,C27} 0.464545  0.456579  0.464199 0.003664 2/3 Passed; highest mean CSI*; added
Pairexpansion  {C4,C27} {C14,C22} {C4,C14,C22,C27} 0.462615  0.459722  0.458211 0.002073 3/3 Passed but lower than best pair
Pairexpansion ~ {C4,C27} {C25,C15} {C4,C15,C25,C27} 0462448  0.456425 0462410  0.002318 2/3 Passed but lower than best pair
Pairexpansion ~ {C4,C27} {C26,C15} {C4,C15,C26,C27} 0.462681  0.455558  0.455182  —0.000303 1/3 Not passed

The combination of ABand 13 (C17) and A(Band 08 — Band 13) (C15) yields the highest
average gain and is added, updating the set to {C4, C15,C17,C27}. Subsequent single-
channel expansion (Table 5) shows negative average gains; hence, no additional diversity
channels are selected.

Table 5. Task E single-channel diversity addition after pair expansion.

Mean Pass

Stage Scurrent Candidate A Scana S1CSrI* S2 CSI* S3 CSI* ACST* Ratio Decision
Single addition (C4,C15,C17, C27) (C14) {C4,C14,C15,C17,C27}  0.464576  0.440376 0458350  —0.007340 1/3 Not passed
Single addition {C4,C15,C17,C27} {C26) {C4,C15,C17,C26,C27)  0.464556 0447204 0436947  —0.012205 1/3 Not passed
Same-cluster coexistence tests (Table 6) show that no reserve channel achieves a stable
gain above e = 0.002.
Table 6. Task E same-cluster coexistence tests in forward selection.
Stage S Candidate A S S1CSI*  S2CSI*  S3 CSI* Mean Pass  p.cision
2 current cand ACSI* Ratio
Coexistence {C4,C15,C17,C27} {C23} {C4,C15,C17,C23,C27} 0.468401 0.454699 0.464504 0.000760 2/3 Average gain insufficient
Coexistence {C4,C15,C17,C27} {C5} {C4,C5,C15,C17,C27} 0.464420 0.467413  0.456263 0.000924 1/3 Average gain insufficient
Coexistence {C4,C15,C17,C27} {cs8} {C4,C8,C15,C17,C27} 0468821  0.445566  0.467692  —0.001081  2/3  Notpassed
Coexistence {C4,C15,C17,C27} {Ce6} {C4,Ce6,C15,C17,C27} 0.465290 0.465626 0.449919 —0.001496 2/3 Not passed
Coexistence {C4,C15,C17,C27} {C11} {C4,C11,C15,C17,C27} 0.465233 0.446516 0.464750 —0.002942 2/3 Not passed
Coexistence {C4,C15,C17,C27} {C9} {C4,C9,C15,C17,C27} 0.463993 0.445242 0.461963 —0.004709 0/3 Not passed

Consequently, the forward-selected candidate set for Task E is {C4, C15,C17,C27}.
The subsequent backward-elimination process for Task E is summarized in Figure 14.
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Figure 14. Backward elimination process for Task E. The (left) panel compares the forward-selected
subset with deletion candidates confirmed under multiple random seeds, and the (right) panel shows
deletion losses relative to the threshold. The Cxx indices are defined in Table 1.

4.2.2. Backward Elimination for Task E

Backward elimination starting from {C4, C15, C17,C27} evaluates channel deletion
losses (Table 7). Deleting A(Band 08 — Band 13) (C15) causes no effective performance loss
(mean drop™ < ep = 0.002) and is removed first.

Table 7. Task E first backward-elimination loop.

Loop  Seurrent Removed  Sremone S1CSI* S2CSI*  S3CSI*  Mean drop* dm‘;ihz .,  Decision

1 {c4,C15,C17,C27}  {C15) {C4,C17,C27} 0467617 0462274 0459450  —0.006035 2/3 Remove

1 {c4,c15,C17,C27}  {C27) {C4,C15,C17} 0464578 0462704 0454269 —0.003439 2/3 Removable but lower

priority than C15
1 {c4,c15,C17,C27)  {C17) {C4,C15,C27) 0458954 - - ~0.003096 (S1) - Not confirmed
1 {c4,C15,C17,C27}  {(C4) {C15,C17,C27} 0413286 - - 0.042572 (S1) - Large S1 loss; retain
The second loop (Table 8) shows that deleting any remaining channel in {C4, C17, C27}

degrades performance. Thus, the backward search stops, yielding the final compact set
Sg = {C4,C17,C27} (radar composite reflectivity, ABand 13, and Band 14 + Band 09),
achieving a validation CSI* of 0.463114 4 0.004148. This combination represents convective
cores, cloud-top cooling, and water vapor structure, showing that C15 provides limited
independent gain when combined with C17 and C27.
Table 8. Task E second backward-elimination loop.

Loop Scurrent Ié;n;z;z(li Siemove S1 CSI* S2 CSI* S3 CSI* Mean drop* drol;:hz er Decision

2 {c4,c17,C27) {c17} {c4,C27} 0449210 0458396  0.452281 0.009818 0/3 Retain C17

2 {c4,C17,C27} {c27} {c4,C17} 0449286 0445385  0.439561 0.018370 0/3 Retain C27

2 {c4,c17,C27} {c4} {c17,C27} 0.407520 - - 0.060098 (S1) - Large S1 loss; retain C4

The physical interpretation of the final Task E channel subset is summarized in Figure 15.
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Figure 15. Physical interpretation of the final Task E channel subset derived from the backward-
elimination results. The Cxx indices and their physical meanings are defined in Table 1.

4.3. Channel Selection Results for the Nowcasting Task

For Task F, the same selection logic is applied to historical sequence inputs. Predictors
are expected to capture cloud-top state, cloud-phase/cloud-top structure, inter-channel
differences, and short-term evolution to predict future 0-1 h lightning trends [7,8,30-32].

4.3.1. Candidate Channel Set Obtained by Forward Selection for Task F

The core baseline set {C4,C10,C13,C15} (radar composite reflectivity, Band 14,
(Band 11 — Band 13) — (Band 13 — Band 15), and A(Band 08 — Band 13)) achieves a
mean validation CSI* of 0.350121 =+ 0.014968 (Table 9). Compared with the Task E core
baseline (0.458110 £ 0.002479), the Task F core baseline shows larger multi-seed variabil-
ity, supporting the use of the more conservative threshold er = 0.010. Diversity pair
expansions (Table 9) yield negative average gains, keeping the set unchanged.

Table 9. Task F diversity pair expansion results in forward selection.

Stage Scurrent Candidate A Scand S1CSI*  S2CSI*  S3CSI* Mean ACST* Pass Ratio Decision
. i i {c4,cl0, i i .

Core baseline C13,C15) 0.341156  0.367400  0.341808 Baseline for loop 2

. . {C4,C10, {C4,C10,C13, B
Pair expansion C13,C15) {C14,C22} C14,C15,C22} 0.339422  0.337979  0.318422 0.018180 0/3 Not passed

. . {ca,cio, {ca,C10,C13, 3
Pair expansion C13,C15) {C25,C22} C15,C22,C25} 0.338820  0.285490  0.327441 0.032871 0/3 Not passed

. ‘ {c4,c10, {c4,C10,C13, i i i i )
Pair expansion C13,C15) {C14,C25} C14,C15,C25) 0.317845 Not confirmed after

rough screening

Subsequent single-channel additions (Table 10) also show negative gains, so no diver-
sity channels are added.
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Table 10. Task F single-channel diversity addition after pair expansion.

Stage Scurrent Candidate A Scand S1CSI* S2 CSI* S3 CSI* Mean ACSI* Pass Ratio  Decision
) . {ca,co, {C4,C10,C13, B
Single addition 13, C13) {ca5} Ci5,ca5) 0338395  0.338518  0.337183 0.012089 0/3 Not passed
) . {ca,co, {ca,C10,C13, -
Single addition C13,C13) {c14} Cia Ci5) 0338031  0.324592 0332625 0.018372 0/3 Not passed
) . {ca,cio, {C4,C10,C13, i i i i )
Single addition C13,C15) {C22} Cis5,C22} 0.321172 Not confirmed after
rough screening
Same-cluster coexistence tests (Table 11) show no stable gains for reserve channels.
Table 11. Task F same-cluster coexistence tests in forward selection.
Stage Scurrent Candidate A Scand S1CSI* S2CSI*  S3 CSI* Mean ACST* Pass Ratio  Decision
Coexist {c4,cio, {cs} (CHC5CI0, 2iog08 0316875 0313719 0.023320 1/3 Not passed
oexistence . .. .. —U. ot passe:
C13,C15} C13,C15) P
Coexist {c4,c10, {c27} {CLCW0CI, ) oisass  03aa568 0308148 0.017388 1/3 Not passed
oexistence C13, ClS} C15, C27} O passe
, {ca,cio, {ca,Cs,Clo, _
Coexistence {C8} 0.341721  0.335381  0.342033 —0.010410 2/3 Negative average
C13,C15} C13,C15} gain; not added
Coexist {c4,cio, {c19} {CHCI0.CI, ) as003 0347263 0301750 0.021783 0/3 Not passed
oexistence . .. .. —U. ot passe:
C13,C15} C15,C19} P
Coexist {c4,c10, {ca1} {CLCI0,CI3, ) asa00 0355353 0299200 0.020171 0/3 Not passed
X1 T . B .. —U.
oexistence C13,C15} C15,C31} Ot passe
C4,C10, C4,C10,C13,
Coexistence élB,ClS} {C21} { c15,C21} 0.335182  0.311735  0.308901 —0.031515 0/3 Not passed
Thus, the forward-selected candidate set is {C4, C10, C13,C15}, showing that addi-
tional channels provide no stable complementarity under wrapper constraints.
4.3.2. Backward Elimination for Task F
Backward elimination starting from {C4, C10,C13,C15} evaluates deletion losses un-
der er = 0.010 (Table 12). Removing any channel leads to substantial average performance
loss with radar reflectivity (C4) showing the largest drop.
Table 12. Task F backward-elimination loop.
Loop S Removed ¢ S1CSI*  S2CSI*  S3CSI*  Mean drop* Ratio Decision
P current Channel remove P drop* < €r
1 {c4,Cl10,C13,C15}  {C13} {C4,C10,C15} 0321393 0313482  0.320051 0.014285 1/3 Retain C13
1 {ca,C10,C13,C15}  {C15} {C4,C10,C13} 0298692 0333941  0.318477 0.015557 1/3 Retain C15
1 {ca,c10,C13,C15}  {C10} {Ca,C13,C15}  0.296578 - - 0.020359 (S1) - Large S1 loss; retain C10
1 {C4,C10,C13,C15}  {C4} {C10,C13,C15}  0.224763 - - 0.092174 (S1) - Large S1 loss; retain C4

The backward-elimination process for Task F is summarized in Figure 16.
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Figure 16. Backward elimination process for Task F. The (left) panel compares the current four-

channel subset with the main deletion candidates confirmed under multiple random seeds, and the

(right) panel shows deletion losses for all tested channels. The Cxx indices are defined in Table 1.
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Consequently, backward elimination stops, and the final set is Sy = {C4, C10,C13,C 15}.
This suggests that nowcasting requires both convective-core (C4) and satellite features
representing cloud-top state (C10), phase/structure (C13), and short-term change (C15) to
predict lightning evolution. The physical interpretation of the final Task F channel subset is
summarized in Figure 17.
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Figure 17. Physical interpretation of the final Task F channel subset derived from the backward-
elimination results. The Cxx indices and their physical meanings are defined in Table 1.

4.4. Independent Test-Set Performance Comparison

After channel selection, the full 28-channel models and final compact-channel models
are compared on the independent test set. Because radar composite reflectivity is the only
radar input in this paper and all other model input channels are Himawari-8/9 AHI satellite
channels or satellite-derived variables, radar-only baselines using C4 are also included to
quantify the contribution of the radar input alone and to clarify the incremental value of
the selected radar-satellite channel subsets. Table 13 reports the probability of detection
(POD), false alarm ratio (FAR), and CSI under fixed prediction thresholds and diagnostic
test-set prediction-threshold scanning for the two tasks. Fixed-threshold results reflect
direct test performance under predefined prediction thresholds, whereas diagnostic test-set
prediction-threshold scanning with fixed target-event labels is used only as a diagnostic
reference for threshold sensitivity and potential upper-bound performance, and it is not
used for channel selection or model selection.
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Table 13. Independent test performance of the full 28-channel models, selected compact channel
subsets, and radar-only baselines.

Task/Model

Channels  Test Samples  Fixed Tpreq POD FAR CSI Test-Scan T;red

Task E Radar-only (C4) 1 1140 0.50 0.561 0373 0421 0.35 0.594  0.398  0.427
Task E selected 3 1140 0.50 0.619 0409 0433 0.41 0.645 0428 0.435
Task E full 28 1140 0.50 0.584 0410 0415 0.19 0.668  0.456  0.428
Task F Radar-only (C4) 1 206 0.23 0.628  0.666  0.279 0.29 0.847  0.663  0.318
Task F selected 4 206 0.23 0.666  0.669  0.284 0.31 0.805 0.613  0.354
Task F full 28 206 0.23 0.660 0.681 0.274 0.25 0.856  0.678  0.306

Figure 18 visualizes the selected-versus-full comparison using CSI as the core metric,
and Table 13 additionally reports the radar-only baselines. For the identification task,
the radar-only model obtains a fixed-threshold CSI of 0.421 and a diagnostic prediction-
threshold-scan CSI of 0.427, indicating that radar composite reflectivity alone provides
a strong baseline for current lightning identification. The selected three-channel model
further increases the fixed-threshold CSI to 0.433 and the diagnostic prediction-threshold-
scan CSI to 0.435, outperforming both the radar-only and full-channel models. For the
identification task, the selected three-channel model achieves a fixed-threshold test CSI of
0.433, higher than the full-channel model (0.415), with an improvement of 0.018. Under
diagnostic test-set prediction-threshold scanning, the selected model achieves a CSI of
0.435, which is also slightly higher than the full-channel model (0.428). For the nowcast-
ing task, the radar-only model obtains a fixed-threshold CSI of 0.279 and a diagnostic
prediction-threshold-scan CSI of 0.318, whereas the selected four-channel model improves
these values to 0.284 and 0.354, respectively. The selected four-channel model also exceeds
the full-channel model, which obtains a fixed-threshold CSI of 0.274 and a diagnostic
prediction-threshold-scan CSI of 0.306. These results show that radar reflectivity is a strong
single-source predictor, while selected satellite channels provide additional information
for both current lightning identification and future lightning evolution. The diagnostic
prediction-threshold-scan results provide supplementary information on threshold sensitiv-
ity, whereas the main model comparison is based on fixed-threshold performance. Overall,
the selected compact channel subsets substantially reduce the number of input channels
without degrading independent test performance and even achieve higher CSI values in
both tasks.

For Task F, the fixed-threshold full-channel test results were further evaluated at
each 10 min forecast lead time using the same fixed prediction threshold of 0.23 as in
Table 13. From +10 to +60 min, the CSI decreases gradually from 0.3411 to 0.2220 with
values of 0.3165, 0.2933, 0.2642, and 0.2461 at +20, +30, +40, and +50 min, respectively.
Over the same lead-time range, the POD decreases from 0.7400 to 0.5966, whereas the FAR
increases from 0.6124 to 0.7388. This temporal evolution indicates that forecast uncertainty
accumulates with increasing lead time, while the model maintains measurable nowcasting
skill throughout the 0-1 h window. Similar lead-time-dependent degradation has also
been reported in precipitation-nowcasting studies, where the frame-wise CSI decreases or
probabilistic error increases as lead time extends [27,33].
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Figure 18. Independent test performance comparison of full and selected channel sets. The (left) panel
reports fixed-prediction-threshold CSI, whereas the (right) panel reports diagnostic test-set prediction-

threshold-scan CSI. In the diagnostic scan, the target-event labels are fixed and only the prediction
threshold is scanned.

4.5. Qualitative Case Study for Nowcasting

To complement the aggregate test-set metrics, a representative Task F test sequence is
visualized in Figure 19. The first row shows the four selected current-time input variables
for the nowcasting task, including radar composite reflectivity, Band 14 brightness tem-
perature, the tri-spectral brightness—temperature difference, and the short-term temporal-
difference channel. The following rows compare the model-predicted lightning probability
fields with the corresponding smoothed lightning labels from +10 min to +60 min. This
case illustrates that the selected compact channel subset can preserve the main spatial
organization and temporal evolution tendency of future lightning activity, supporting the
quantitative finding that the four-channel Task F subset maintains useful nowcasting skill
while reducing input dimensionality.

Comparing the predicted probability sequence with the true lightning distribution
reveals that the selected four-channel model captures the eastward movement and spatial
decay of the primary convective core. At early lead times (+10 to +30 min), the predicted
high-probability regions exhibit strong spatial alignment with the observed lightning labels.
As the lead time increases (+40 to +60 min), the predicted probability field becomes more
diffuse and slightly overestimates the convective boundary, reflecting the accumulation of
spatiotemporal prediction uncertainty inherent in convective development. Nonetheless,
the core areas of active lightning remain well constrained, verifying the practical nowcasting
capability of the selected channel subset.

To quantitatively and qualitatively analyze the forecasting errors, the predicted prob-
ability fields are compared against the smoothed lightning observation density. False
alarms mainly occur near convective margins, where cold ice-phase cloud-top signals
observed by Himawari AHI may extend outward, but strong radar composite reflectivity
is absent or spatially displaced. Missed detections may occur in rapidly developing or
localized convective cells, because lightning activity is sparse and abrupt and satellite
infrared brightness—temperature features describe cloud-top evolution indirectly. Spatially
smoothing the labels with a Gaussian kernel buffers these small spatial mismatches and
helps maintain stable nowcasting skill.
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Figure 19. Qualitative case study of 0-1 h lightning nowcasting using the selected Task F channel
subset. The upper row shows the selected current-time input channels, and the lower panels compare
predicted lightning probability fields with the corresponding smoothed lightning-label fields at
six 10 min lead times. The colors in the upper-row panels visualize the spatial patterns of input
variables with different physical meanings and value ranges and are not directly comparable across
channels. The prediction and truth panels share the common 0-1 color scale shown below.

5. Discussion

5.1. Influence of Feature Collinearity and Redundant Information on Interpretability in
Remote-Sensing Deep Learning

Many deep-learning studies in remote sensing still treat models as black boxes or rely
on a single explainability tool such as SHAP or attention weights to select variables. This
paper explicitly highlights the strong physical collinearity and information redundancy
among high-dimensional remote-sensing features such as Himawari-8/9 spectral bands and
derived variables. By jointly using local attribution (SHAP) and global perturbation (PFI),
this paper shows that a single explainability tool may overestimate the independent contri-
bution of correlated features and lead to redundant channel retention. The case of Band 14
+ Band 09 is representative. The proposed workflow therefore provides a robust, physically
guided and data-driven white-box paradigm for channel-dimensionality reduction.

5.2. Physical Differences Between Lightning Identification and Nowcasting

The results reveal a clear physical difference between the two tasks. Task E finally
retains three channels, radar composite reflectivity, ABand 13, and Band 14 + Band 09,
indicating a stronger dependence on current convective-core structure, cloud-top evolution,
and the mid- to upper-level water vapor environment. Task F finally retains four channels,
radar composite reflectivity, Band 14, (Band 11 — Band 13) — (Band 13 — Band 15), and
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A(Band 08 — Band 13), indicating that 0-1 h nowcasting requires both current convective-
core information and satellite proxy features describing cloud-top state, cloud-phase/cloud-
top structure, inter-channel differences, and short-term evolution. This suggests that
the model captures statistical relationships consistent with convective development and
lightning processes rather than only statistical noise. These results can guide input-feature
design for different warning lead times.

5.3. Limitations and Sources of Uncertainty

Several uncertainties remain. First, multi-source spatiotemporal matching may be
affected by satellite parallax and VLF-LLN positioning errors. However, the positioning
deviations caused by these inherent observation errors are smaller than the spatial reso-
lution of our network grid (2 km). Although spatial Gaussian smoothing (approximately
6 km) buffers these sub-grid scale physical variances, they may still introduce minor label
noise. Second, the proposed selection strategy is a greedy search. Although clustering and
explainability greatly reduce the search space, the method does not guarantee the absolute

global optimum among all 228

possible combinations. Third, this paper focuses on south
China during the severe-convection season, and the results should be interpreted within
this regional and seasonal context. When applied to other climate regions or convective
weather types, the proposed workflow should be re-run on regional datasets to identify
empirically suitable channel subsets. Additionally, to adapt to seasonal shifts in convective
dynamics and enhance year-round nowcasting performance, it is possible to train unified
multi-seasonal models or develop separate seasonal models for different periods of the year.
Furthermore, as Peng et al. (2020) [34] reported, different thunderstorm cells exhibit
distinct VLF pulse characteristics, and the ratio of positive to negative flashes is highly in-
dicative of the convective stage of a thunderstorm, such as developing or dissipating stages.
The ground-based VLF-LLN primarily detects cloud-to-ground (CG) lightning flashes
(ground flashes). Because CG lightning directly threatens human safety and infrastructure,
focusing on CG-related lightning activity supports the practical relevance of the current
warning-oriented framework. Nonetheless, the current framework does not distinguish
polarities or CG versus intra-cloud (IC) strokes. Future studies should incorporate more
diverse flash types and polarities as multi-task learning targets to further improve the
model’s ability to capture the dynamic development stage of severe thunderstorms.

5.4. Operational Prospects

The selected compact channel subsets may reduce the cost of satellite-data transmis-
sion, storage, and model inference, making real-time lightning nowcasting more feasible
under computationally constrained operational conditions.

Persistence and extrapolation baselines remain important references for operational
nowcasting; radar-echo extrapolation is also commonly used as a baseline or component
in precipitation-nowcasting research [17]. Because the objective here is to isolate multi-
source channel contribution under fixed deep-learning architectures, the radar-only and
full-channel models are used as the main baselines in this manuscript, while direct persis-
tence/extrapolation comparisons will be included in subsequent operational evaluation.

6. Conclusions

This paper constructs a multi-source spatiotemporally aligned dataset for lightning
identification and nowcasting by integrating radar composite reflectivity, Himawari-8/9
AHI multi-channel satellite observations, and VLF-LLN lightning location data. Through
temporal alignment, spatial resampling, lightning-label gridding, and smoothing, different
data sources are unified into samples with a 10 min temporal interval, 2 km spatial resolu-

https://doi.org/10.3390/1s18142383


https://doi.org/10.3390/rs18142383

Remote Sens. 2026, 18, 2383

30 of 33

tion, and 256 x 256 grid size. This provides a unified data foundation for current lightning
identification and future 0-1 h lightning nowcasting, and it also supports further analysis of
how different radar and satellite predictors influence lightning occurrence and evolution.
Methodologically, this paper proposes an explainable channel-selection workflow for
high-dimensional multi-source remote-sensing inputs by combining PFI, SHAP, channel-
collinearity grouping, and validation-constrained wrapper search. The workflow avoids di-
rectly equating a single importance ranking with final channel selection. Instead, it uses ex-
plainability methods to form candidate evidence, reduces redundancy through correlation
constraints, and validates stable gains through forward selection and backward elimination.
The results show that this strategy can obtain validation-constrained, compact, and physi-
cally meaningful channel subsets under channel collinearity and information redundancy.
The channel-selection results show that radar composite reflectivity provides stable
contributions in both identification and nowcasting tasks, indicating that current convective
cores and precipitation structures remain important information sources for lightning
occurrence discrimination and short-term prediction. For the identification task, the final
selected channels are radar composite reflectivity, ABand 13, and Band 14 + Band 09,
reflecting the joint roles of current convective structure, cloud-top evolution, and mid- to
upper-level water vapor conditions. For the nowcasting task, the final selected channels
are radar composite reflectivity, Band 14, (Band 11 — Band 13) — (Band 13 — Band 15),
and A(Band 08 — Band 13), indicating that future lightning nowcasting requires not only
current convective-core information but also satellite features representing cloud-top state,
cloud-phase changes, inter-channel differences, and short-term evolution trends.
Independent test-set results further show that the compact channel subsets maintain
or improve model performance while substantially reducing the number of input variables.
In the identification task, the radar-only baseline achieves a fixed-threshold test CSI of
0.421, while the selected three-channel model achieves a CSI of 0.433, which is higher than
both the radar-only baseline and the full 28-channel model (0.415). In the nowcasting
task, the radar-only baseline achieves a fixed-threshold test CSI of 0.279, while the selected
four-channel model achieves a CSI of 0.284, which is also higher than the radar-only and
full-channel (0.274) models. These results indicate that not all available remote-sensing
channels provide stable independent gains. Reasonable channel redundancy reduction
helps improve model compactness, computational efficiency, and physical interpretability.
Overall, the results demonstrate that integrating explainability evidence, channel-
collinearity constraints, and validation-set wrapper search can provide stable, compact, and
meteorologically meaningful input channel combinations for lightning identification and
nowcasting. The proposed method can provide a reference for multi-source predictor selec-
tion, lightweight model deployment, and operational interpretation in severe-convection
nowcasting. Future studies should further evaluate the generalization ability of this channel-
selection strategy across more regions, seasons, weather types, and lightning detection
networks. In addition, the specific channel subsets identified in this paper are derived
from summer convection cases in south China (Guangdong) and should be interpreted
within this regional and seasonal setting. When applied to other regions or convective
weather types, the proposed workflow can be used to screen and evaluate corresponding
task-specific channel subsets. Furthermore, analyzing the temporal decay and lead-time-
specific performance of selected channels under operational environments is an important
direction for subsequent application research, because this paper primarily uses aggregated
0-1 h performance to avoid lead-time-specific overfitting during feature selection.
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The following abbreviations are used in this manuscript:

AHI Advanced Himawari Imager

BTD Brightness Temperature Difference

CSI Critical Success Index

FAR False Alarm Ratio

PFI Permutation Feature Importance

POD Probability of Detection

SHAP SHapley Additive exPlanations

TBB Brightness Temperature

TTD Tri-spectral Brightness—-Temperature Difference

VLF-LLN  Very Low Frequency Lightning Location Network
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