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Abstract

Thunderstorm disasters are one of the major meteorological disasters in China, causing
significant human casualties and economic losses each year. Traditional loss compensation
insurance is confronted with difficulties such as inspection and assessing, causing low claim
processing efficiency, while index insurance can effectively overcome these deficiencies
by triggering payment through objective indices. This paper is based on satellite remote
sensing monitoring data, using a combination of principal component analysis, random
forests, and fuzzy mathematical theory to construct a lightning risk index and design a
complete index insurance product. Experimental validation based on historical satellite
monitoring data has shown that the risk indices constructed in this paper can effectively
capture the temporal and spatial variability of lightning activity. Random forest models
have a relatively low fitting error of training labels, and the SHAP values reveal a charac-
teristic weight of importance consistent with physical perception. The insurance product
has a reasonable distribution of amount and compensation, and premium pricing balances
actuarial fairness with market acceptability. The present methodology provides a trans-
portable design path to monitor and transfer the lightning risk using multi-source remote
sensing data, with some outreach value in the field of lightning and other natural disasters.

Keywords: lightning risk; index insurance; principal components analysis; random forests;
fuzzy mathematics

1. Introduction

Lightning, as a powerful convective weather phenomenon, is closely related to many
meteorological disasters and poses a significant threat to modern society’s production and
life. According to incomplete statistics, there were 437 lightning-related disasters in China,
including six cases of fire or explosions and 13 cases of personal accidents, resulting in
15 deaths and five injuries, with direct economic losses of approximately 12 million yuan and
indirect economic losses of about 3.02 million yuan in 2023 [1]. In response to the increasingly
urgent demand for prevention and control, insurance is an important means to transfer the
risks of lightning disasters. Index insurance, as an innovative risk management tool, triggers
compensation based on preset objective indices without the need for on-site investigation
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and assessment, effectively overcoming the shortcomings of traditional insurance. This
model has been successfully applied in areas such as agricultural drought [2], typhoons [3],
and floods [4,5], but research in the field of lightning disasters is still relatively limited.

Currently, the widely adopted lightning risk assessment standard internationally
is IEC 62305-2. This standard assesses the lightning risk levels of various facilities from
multiple dimensions such as lightning strike frequency, lightning current amplitude, and
building characteristics through quantitative calculations and has played an important role
in engineering practice. However, in specific scenarios such as large residential areas and
large industrial zones, IEC 62305-2 is unable to accurately reflect the real lightning risk [6].
Moreover, traditional assessment methods are mostly static. They perform a one-time risk
classification based on long-term statistical data and cannot respond to the diurnal and
seasonal variations of lightning activities.

In recent years, the rapid development of satellite remote sensing technology [7-9]
has provided a new data source for real-time monitoring of lightning activities. Satellite
data have advantages such as high temporal and spatial resolution, wide coverage, and
the ability to be continuously observed [10-12], which can more timely and precisely de-
pict the temporal and spatial distribution characteristics of lightning activities, laying a
data foundation for the dynamic assessment of lightning risks. At the same time, machine
learning methods have been widely applied in the field of natural disaster risk assessment.
Principal component analysis (PCA), as a classic unsupervised dimensionality reduction
method, can compress multiple related variables into a few principal components, retaining
the main information of the original data while reducing the feature dimension, and can
be applied to the extraction and integration of lightning activity information [13]. Random
forests, as a type of ensemble learning method, can effectively handle high-dimensional
features and nonlinear relationships and can output feature importance scores, demonstrat-
ing good performance in disaster vulnerability assessment [14]; SHAP (SHapley Additive
exPlanations) values further address the lack of interpretability of “black box” models such
as random forests, decomposing model predictions into the contribution values of each fea-
ture and revealing the direction and degree of influence of different factors on risks [15-17].
The combination of remote sensing data and machine learning methods provides technical
possibilities for constructing dynamic and refined lightning risk indices.

Currently, relevant research mainly focuses on the monitoring and warning of light-
ning activities and has not yet systematically applied the above methods to the product
design of lightning index insurance. To address the above issues, this paper comprehen-
sively utilizes remote sensing monitoring data, machine learning methods, and fuzzy
mathematics theory to propose a set of index insurance product design schemes based on
the lightning risk index. The main work includes the following three aspects:

1.  Construction of the lightning risk index. Based on the lightning monitoring data de-
rived from satellite inversion, principal component analysis is used to extract the main
variation information, and the multi-dimensional features are compressed into a compre-
hensive score as the training label. A random forest regression model is trained, and the
SHAP values are used to explain the contribution direction and degree of each feature
to the risk. On this basis, the fuzzy mathematics comprehensive evaluation method
is introduced to combine the risk weights output by machine learning, achieving the
construction of the lightning risk index and the classification of risk levels.

2. Design of the index insurance product. Firstly, based on the historical distribution of
the index and the risk level thresholds, determine the trigger threshold for the insur-
ance; secondly, in combination with the multi-layer arrangement for catastrophe risk
transfer, set the upper limit of the insurance company’s claim and the claim amount;
finally, based on the trigger probability and expected payout, determine a reasonable
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premium standard. The insurance payout is determined by daily assessment and
aggregation, using the preset index threshold as the trigger basis. Based on the above
steps, this paper designs a complete index insurance product scheme.

3.  Experimental verification of product feasibility. Utilize historical satellite monitoring
data to conduct backtesting and validation of the aforementioned insurance scheme.
Through consistent parameter setting, we test the compensation levels at different
times, evaluate the trigger frequency, different percentile parameters, various model
settings and premium rationality of the insurance product. We also analyze the financial
sustainability of the insurance product.

The structure of this article is as follows. Section 2 reviews the relevant research work
and summarizes the main methods for constructing lightning risk index and index insurance;
Section 3 elaborates on the system framework of lightning risk index insurance products,
forming a complete insurance product plan; Section 4 conducts experimental verification to
test the stability of the insurance design model; Section 5 summarizes the main work and
conclusions of this article, points out the limitations of the research, and looks forward to
future research directions.

2. Related Works

The study of insurance trigger indices based on monitoring data plays a crucial role
in insurance design, as it can provide insurers, reinsurance institutions, and regulatory
authorities with objective and quantifiable risk assessment bases. By accurately constructing
trigger indices, this field helps enhance the transparency of insurance products, reduce
moral hazard, and optimize the compensation efficiency of special insurance types such
as catastrophe risks insurance. In recent years, scholars from various disciplines have
adopted interdisciplinary methods and diverse data sources to conduct in-depth research
on lightning disaster risk assessment, lightning risk index construction, and the application
of parametric insurance and extreme value theory, achieving significant progress. This
section will categorize and present representative theories and research based on the
technical paths and research methods of the above three aspects.

2.1. Lightning Disaster Risk Assessment Research

IEC 62305-2:2010 is the initial and most authoritative method for assessing the risk
of lightning disasters, and it is widely used in engineering design and practice. In IEC
62305-2:2010, the lightning risk is the sum of different risk components, expressed by the
following general equation:

Rx = Nx - Px - Ly, 1)

where Ny is the number of dangerous events per year, Py is the probability of damage to
a structure, L is the consequent loss. Mohammad [18] developed a software application
that complies with the IEC 62305-2 standard and is specifically designed for lightning
protection design and risk assessment analysis in photovoltaic power stations. However,
this standard does not fully consider the additional loss impact of building structures and
their surrounding layouts on these areas; moreover, the IEC 62305-2 standard is directly
formulated for individual buildings and thus, by its very scope and methodology, is
not applicable for directly assessing the magnitude of lightning strike risk over a larger
regional area.

Fuzzy mathematics is more accurate and feasible for regional lightning risk assess-
ments. Fuzzy logic, as a powerful analytical tool, can combine linguistic variables with
numerical variables to estimate the inherent subjectivity in risk analysis and thereby de-
termine whether the risk level is acceptable [19]. Luis et al. [20] selected typical lightning
disaster events and specific scenarios, focusing on the types of lightning and the electro-
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magnetic coupling methods, and analyzed the relationship between harmful events and
lightning parameters. Among them, the number of sources of damage is mainly reflected
by the value of ground flash density. Regarding the impact and severity of fires caused by
lightning strikes, Luis E. suggested using single-element fuzzy values assigned within the
range of 0-1 to represent them. Yu et al. [6] took Chongging as an example and analyzed
the lightning risk from three dimensions: hazard, exposure degree, and vulnerability of the
risk-bearing body. They derived the lightning risk assessment formula for this region. The
lightning risk assessment based on fuzzy mathematics is more suitable for the language
description of value and loss. It is more targeted, having a more reasonable analysis logic,
and applicable to a wider range of applications; however, this method mainly relies on
expert experience rather than actual measurement data when determining the weights of
the formulas, and the selection criteria for parameters have not yet been unified.

In recent years, multi-method combined research has gradually emerged. For instance,
Murphy et al. [21] combined spatial lightning map data, the probability risk calculation
method derived from IEC 62305-2, and weighted average interpolation technology to
obtain the regional risk quantity, and compared it with the tolerable threshold to issue
lightning warnings.

2.2. Construction Methods of Lightning Risk Index
2.2.1. Analytic Hierarchy Process

When constructing the lightning risk index, a relatively simple and convenient method
is to use the analytic hierarchy process. Mahdariza [22] proposed determining several main
influencing variables by reviewing the literature and then using the analytic hierarchy
process to determine the weights of these variables. However, the index formula designed
according to this method is only applicable to the corresponding area, and the coverage
area cannot be too large; for regions with significant climate differences, other completely
different types of variables may need to be added. The design of this index formula relies
on the description in the literature and subjective experience and still needs to be tested and
reviewed by the authorities of the corresponding area. It does not have strong objectivity
and practicality.

2.2.2. Principal Component Analysis

Principal component analysis reflects the contribution of each feature to the overall
information structure of the dataset, thereby facilitating the identification of features that
play a primary role in lightning destructiveness. Montanya et al. [23] incorporated electric
field, temperature, humidity, wind speed, and air pressure into PCA and found that in the
planar space formed by the first and second principal components, the data could be clearly
distinguished into three clusters corresponding to the pre-discharge, during-discharge,
and recovery phases of thunderstorms, based on which they designed a decision-making
logic for lightning protection warnings. Thomas et al. [24], using PCA on their research
dataset, found that the first principal component reflected the presence of convection, while
the second described whether microphysical processes were sufficient to trigger lightning.
However, PCA merely condenses the information from the original data; its derived scores
lack physical or practical meaning and do not directly reflect the contribution of individual
features to lightning-induced risk. Therefore, the PCA score alone should not be directly
adopted as a risk index. If regression is performed using nonlinear models such as random
forests, the utility of PCA-concentrated information may be more fully exploited.

2.2.3. Machine Learning

Although the analytic hierarchy process and fuzzy mathematics theory take into
account various lightning parameters and meteorological factors based on lightning knowl-
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edge, these methods have strict requirements for scenario assumptions and are difficult
to generalize in diverse scenarios. Moreover, traditional methods may struggle to handle
the massive amounts of data available today, and the quantitative relationship between
lightning risk and indices is relatively monotonous. In contrast, machine learning methods
loosen the assumptions of scenarios and no longer strictly rely on linear relationships or
specific distribution forms. They can efficiently process large datasets and automatically
extract effective information from high-dimensional features; moreover, the discovered
quantitative relationships are more flexible and can capture complex patterns such as non-
linearity and interactivity. Therefore, machine learning methods are expected to enhance
the applicability and interpretability of risk indices, providing a new technical path for
lightning disaster risk assessment.

In machine learning algorithms, the support vector machine (SVM) achieves the maxi-
mum separation of samples in the feature space by finding the optimal hyperplane. It has
unique advantages in having small sample, with nonlinear and high-dimensional pattern
recognition. Currently, in the risk assessment of lightning disasters, the application of SVM
mainly focuses on binary classification problems, simplifying the assessment results to a
binary output of whether a lightning disaster will occur or not. Sheng et al. [25] trained a
classifier using historical monitoring data such as longitude and latitude, lightning type, and
disaster level to achieve qualitative discrimination. However, a single binary output cannot
depict the gradual characteristics and threshold intervals of the disaster-causing intensity of
lightning. Compared with this method, random forests are often used to assess the degree
of lightning risk. It is an ensemble learning algorithm based on supervised learning. By
constructing multiple decision trees and combining their prediction results through voting
or averaging, it achieves the classification assessment of lightning risk and outputs the
continuous weight values of each feature’s contribution to the risk. Random forests are
beneficial to some extent in preventing overfitting, reducing prediction errors [26], and
effectively improving the accuracy of model output weights.

However, machine learning models are typically regarded as “black boxes”, with their
internal decision-making mechanisms being complex and difficult to explain [27]. This
limits the credibility of the models” application in scenarios such as index construction
and insurance pricing that require clear attribution. To address this issue, SHAP values
calculate the marginal contribution of features under different combinations based on game
theory and output the contributions allocated to each feature. This method enhances the
interpretability of the model and helps salespeople and decision-makers understand its
working principle [15,28].

2.2.4. Fuzzy Mathematics Theory

Fuzzy mathematical theory can also be used in the construction of the lightning risk
index, with greater accuracy and interpretability. The constructed index system using fuzzy
mathematical theory receives input variables, which are several indicators used to deter-
mine the acceptability of risks. These indicators are usually different indices constructed by
the fuzzy mathematics method described above. After the system’s operation, it outputs a
fuzzy number as the result of the index construction. Depending on the different applica-
tion scenarios and requirements, the operation method and the meaning of the output result
may vary. Luis [20] constructed a system that outputs a value named “Risk Acceptability”
through fuzzification and rule reasoning. Guo et al. [29] obtained the assessment value
of regional risk by calculating the fuzzy matrix, which is used to confirm the lightning
strike risk level of the region. Since the fuzzy logic system can combine numerical input
and fuzzy input through appropriate language interpretation methods and suitable rule
libraries, it has been proposed as a suitable tool for estimating the acceptability of risks.
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2.3. Application of Parametric Insurance and Extreme Value Theory

Natural disasters are characterized by their suddenness and high destructiveness. It is
difficult to completely avoid the losses caused by them solely through technical means. To
avoid and hedge against various natural risks, including lightning risks, insurance mecha-
nisms have been widely adopted. However, traditional insurance has certain limitations in
its operation, such as high management costs, long claim processing times, and difficulties
in effectively addressing adverse selection and moral hazard issues. To overcome these
limitations, index insurance, as an innovative risk management tool, has been introduced.
Index insurance is a special financial contract, and its uniqueness lies in the fact that the
triggering conditions for compensation depend on a pre-defined index rather than the
losses suffered by the policyholder [30]. Since indices cannot be predicted or manipulated
by individuals or groups, this compensation mechanism is feasible in reducing information
asymmetry problems [31]. Therefore, index insurance is receiving increasing attention and
is rapidly developing in various industries.

At present, the research on index insurance for lightning disasters is still relatively
limited, and the relevant reference literature is scarce. Therefore, it is necessary to transfer
knowledge from the relatively mature field of weather index insurance research and draw
on its modeling ideas and methods to provide theoretical support for the construction of
lightning index insurance. In the price of weather index insurance, the costs are usually
decomposed into risk costs, management costs, costs for timely obtaining funds in a timely
manner, etc. [32]. The compensation amount generated by the index insurance contract
has a multistep form, and this loss cost can be explained by the relatively typical positive
correlation between agricultural output and indicators such as rainfall [30].

When designing insurance contracts based on a single index, precisely determining the
trigger threshold is a crucial consideration. A simple method for determining the trigger
threshold is to set it as the historical average index [33,34]. Although this method is relatively
simplified, it has the advantages of being intuitive and highly operational and not relying
on loss data. Considering the need to balance the feasibility of the research and the accuracy
of the model, other studies have set the disaster level at one to two standard deviations
below the average index [35-37]. In practical applications, insurance products should target
catastrophic events rather than average losses to enhance demand and affordability [38].
A precise method is to construct a peaks over threshold (POT) threshold model based on
the generalized Pareto distribution. When it is challenging to determine whether the small
and large values in the sample can be well described by a single simple distribution, or
whether the peaks are independent of each other, the POT model can be used to introduce a
relatively high threshold to avoid these uncertainties [39,40].

3. System Works

This paper presents a design methodology for a lightning risk index insurance product
based on multi-source remote sensing data and machine learning. As shown in Figure 1, the
methodology consists mainly of three core modules: the data pre-processing and feature
extraction module, the lightning risk indices construction module, and the index insur-
ance product design module. First, based on the features of the data, the main variation
information is extracted through principal component analysis and dimensionality reduc-
tion and combined with the analysis of the forest model and SHAP values. Composite
feature weights showing the intensity of lightning activity is constructed in this way. Sec-
ond, fuzzy mathematical theory is used to combine the weight of features with the actual
distribution of data, achieving the calculation and classification of the lightning risk indices.
Finally, based on the risk level thresholds, the trigger conditions, compensation amounts
and premium standards for index insurance products are designed. And the insurance
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compensation records and calculations are completed through a daily determination and
aggregation approach.
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Figure 1. Framework structure flowchart.

Principal component analysis applies a linear orthogonal transformation to compress
the high-dimensional correlated variables into several composite components. While pre-
serving the major information structure in the raw data, PCA effectively filters out random
noise and redundant information, thereby providing a statistically sound linear baseline
for subsequent modeling. The contribution of PCA does not lie in defining risk itself but in
distilling the high-dimensional monitoring information into a high-quality training label for
the forest model.

PCA is only capable of capturing linear covariation among variables, so it inevitably car-
ries bias from the linearity assumption and cannot directly interpret the loading coefficients
as the risk weights of each feature. Through the splitting mechanism based on ensemble
decision trees the random forests can autonomously detect nonlinear relationships between
features and the target value, thus making a correction to the linear baseline. During the
fitting process, the feature importance evaluation mechanism within it naturally fulfills the
function of weight assignment: features that are tightly coupled with the thunderstorm
physical mechanisms receive higher weights, whereas those weakly related to intensity or
purely noisy are automatically suppressed.

Although the corrected score given by the forests is mathematically accurate, its output
is a continuous value. Once the score lies near grade boundaries, slight input fluctuations
or measurement errors may alter the final judgment. Fuzzy mathematical theory is placed
at the end of pipeline, adjusting the physical direction of the feature and constructing
membership functions to map the lightning data onto several risk grades. When the score
varies around the threshold, the final risk determination is gradual rather than abrupt, and
this flexible grading approach better suits the application needs of the insurance business.
The output of each stage in the three modules constitutes the input for the next stage, and
all three are indispensable.
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3.1. Construction of Lightning Risk Indices
3.1.1. Construction of Training Labels Using Principal Component Analysis

Principal component analysis is a method of shifting multiple indicators into a few
composite indicators for statistical analysis of observations containing multiple interrelated
cause variables. Data should be standardized first, as the results are sensitive to the variance
in data. For each sample, the standardized value is

std Xij — Xj
ng,j )= #/ ()
where X;is the average of all data for the indicator and ¢; is the standard deviation for all
data for the indicator.
If a dataset contains I observations and is described by | indicators, the dataset can
be expressed in the I x J-size matrix X. Matrix X allows the following singular value

decomposition [41]:
X = PAQT, ®)

where P is the I x L left singular vectors matrix; Q is the | x L right singular vectors matrix,
called a loading matrix; and A is a diagonal matrix containing singular values. At the same
time, the I x L size factor score matrix F can be derived from

F = PA=PAQTQ = XQ, (4)

where column i of F is the score vector f; for the principal component i. By Equation (4), it
is known that the loading matrix Q provides a coefficient of linear combinations used to
calculate scores for each principal component. The element in the load matrix Q is referred
to as the loading, indicating the linear combination coefficient of the original variable in the
construction of the main components. In practical applications, loadings are also commonly
associated coefficients between the principal component and the original variable, whose
absolute value reflects the importance of the variable in the principal component.

Abdi et al. [13] gives the method of calculating the explanation deviation for the
principal component i:

FTF =QTXTXQ =QTQAQTQ = A, (5)

where the diagonal matrix A contains non-zero eigenvalues for the principal components.
After sorting the eigenvalues in descending order of their absolute values, the explained
variance of the i-th principal component is equal to the corresponding eigenvalue A;, where

the interpretation variance ratio is
A
1

L
X A
k=1

, (6)

where L is the matrix X’s rank. The higher the interpretation variance of a principal compo-
nent, the greater the information in the data matrix X is reflected in the principal component.
The magnitude of the lightning data information and the complexity of the relationships
between the indicators shows that it is not a good way to substitute the original data
with the first principal component. Therefore, the first and second principal components
extracted after data dimension reduction were used as weights, based on their respective
interpretation variance ratio. And the statistical training label is weighted by the score
vector of the first and second principal components as

Afy + Aofp

7
A+ Ay @

proxy =
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In the composite proxy indicator vector, each element proxy; is the training label correspond-
ing to each sample. The indicator vector is the target label of the random forests model.

3.1.2. Training Weights Using the Random Forests Model

The principal component analysis method has succeeded in condensing the main
variation information of multiple data features into the weighted scores of the first and
second principal components. However, the score represents only the largest difference
in data and does not have a direct physical or risk connotation. Therefore, using it as a
statistical training label, this paper uses the random forest model to learn, thereby generating
objective importance weights of different features.

Random forest is an improved parallel ensemble learning algorithm based on Bagging
integration, where decision trees are used as base learners. In this algorithm, a random
attribute selection mechanism is introduced during the training of decision trees. It consists
of a series of tree classifiers {h(x,®y),k =1,2,... }, of which x is the input vector, {©®;} is
a set of mutually independent and identically distributed random vectors, and each tree
classifier votes for the most frequent categories at input vector x [14].

Random forest processes are designed to be simple, with a small scale and high
performance levels, as well as lower generalization errors. Moreover, as the number of
tree classifiers increases, the random forests model is less likely to suffer from overfitting.
Lightning data are often distributed at a thick end and presented by complex relationships,
while random forests models have a strong robustness for abnormalities and noise and are
therefore more suitable for training this type of data than other common algorithms, such
as Adaboost [42].

While random forest models can output the importance of features, they do not reveal
the positive or negative direction of the features to predict results. Therefore, SHAP values
are introduced to decompose and interpret model predictions. SHAP values are an additive
explanation method for models. In this approach, model predictions are broken down into
the sum of contributions to each feature, the projection expectations in the absence of any
feature are used as baseline values, and the predicted values under the different sequenced
feature combinations are calculated on average and then derived from SHAP values. SHAP
values are calculated by

=y BRMEBEZD i 0 ) - fs) ®

SCN\{i}

where ¢; is the i-th SHAP value, S is the set of non-zero indices in 2’ € {0, 1}M . Mis
the quantity of input features. z' = 1 indicates that the feature is observed, while z/ = 0
indicates that the feature is unknown or is covered when calculating. N is the set of all
input features [15].

This paper is based on the scikit-learn library of Python for the practical realization of
random forest models in research. Specific application processes are as follows:

1.  Divide the data set into training and test sets at 8:2. When training the random forests,
each decision tree is constructed using bootstrap sampling from the original dataset.
Data not extracted are not learned by any tree learner as out-of-bag (OOB) data, so OOB
data can be used directly as a test set to assess general errors in evaluating the general-
ization error of the overall model, and no additional data need to be reserved [14].
Nevertheless, the amount of data used in this study is sufficient to avoid the need
to use OOB estimates to save training samples. To ensure the rigor of model train-
ing, this paper still divides training and testing sets. Considering the limitations of
computer memory and computational cost, in this paper, a 5% subset was extracted
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from the training set using the stratified sampling method for lightweight training.
This approach effectively reduces the training cost of the model while ensuring the
sufficiency of the training data and maintaining the same data features of the training
set. However, full test data are still used for model testing.

2. Use GridSearchCV class to optimize the parameters of the random forest model. Specif-
ically, by setting the parameter cv = 5, the training set is divided into five folds. The
parameter combinations are traversed through grid search, and the average performance
obtained from cross-validation is used as the evaluation norm. After determining the
optimal parameters, in order to fully utilize the data information, the final model is
retrained using the entire training set instead of a single fold’s training subset.

3. Extract the importance weights of the features from the trained model.

4. Calculate the SHAP values for each feature, and use the SHAP method to explain the
model’s prediction results. This is used to reveal the positive or negative contribution
directions and influence degrees of the features on the prediction results. Sum and
normalize the extracted feature importance weights to form the weight vector for the
subsequent fuzzy mathematics comprehensive evaluation.

3.1.3. Constructing Risk Indices by Fuzzy Mathematics

After extracting feature weights from the random forest model, this paper introduces
fuzzy mathematics for integrated risk assessment. Because of the vagueness of the lightning
risk, the information on the lightning monitoring data does not provide a clear picture of
the extent of the lightning risk. Fuzzy integrated evaluations can effectively address such
uncertainties [29].

Three basic elements required before a fuzzy integrated evaluation are described below:

1. Factorset U = {uq,uy,...,u,}. The factor set includes the levels for evaluating the
severity of lightning strike risks and the features to be considered when calculating
the lightning strike indices. Three main features are used to measure the level of
the thunder strike risk, which are the number of lightning strikes contained in each
lightning cluster, the radiation intensity of the lightning cluster, and the difference
between the detection time of the lightning cluster and the time of the radiation peak
during the study. The peak radiation time is defined as the time when the radiation
of each lightning event reaches its maximum value over an average day. The time of
lightning occurrence is converted to the margin of peak time in order to capture more
precisely the relationship between the magnitude of the lightning risk and the time of
lightning occurrence. A lightning event takes place at a time of ¢, and there are a total
of n radiation peaks per day at p1, p2, ..., pn. When lightning occurs, it is converted to
a circular distance from the peak time as

ie{l
where lightning time ¢ is calculated as

minute

60

t = hour + (10)

2. Evaluationset V = {v1,vy,...,v,}. The set includes different levels of judgment. The
risk of lightning is classified into low-risk, medium-risk and high-risk categories, so
the evaluation set V ={low risk, medium risk, high risk}.

3. Weight vector A = {ay,a1,...,a,}. The weight vector includes the weight of each
factor in the outcome. The weight vector used in this paper has been output from the
model in Section 3.1.2.
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Having obtained the above three elements, this paper presents a fuzzy comprehensive
evaluation as follows:

1.  Determine the membership function A(x). The membership function depicts the
degree of conformity of each data point to different levels of the evaluation set in
each feature. The commonly used methods for determining the membership functions
include the fuzzy statistics method, the assignment method, and the binary comparison
ranking method [43]. This paper uses the assignment method to determine the function
as a trapezoidal distribution, which is used as the basic form of the function. We also
determine the specific parameters according to the kurtosis and measure of skewness
of the different features. The functions attached to each feature are defined here as
shown in Table 1, where p,, indicates the n-th quantile of the corresponding feature.
In the data we use, the skewness of the lightning strike quantity and the radiation
intensity are 3.09 and 9.64, in severe right-skew pattern; the kurtosis of those are 14.67
and 162.42, with extremely thick tails. The selection of the quantiles by the conven-
tional method would result in a large number of conventional lightning events being
incorrectly classified as medium or even high risk, seriously reducing the interpretabil-
ity of the model. Thus, the parameters for lightning strike quantity and radiation
intensity are selected as generally high percentiles. However, the peak time difference
has a skewness and kurtosis of —0.13 and —1.15, which are basically symmetrically
distributed, so we select parameters for it as more conventional quantiles.

Table 1. Membership functions of different features and level.

Factors Risk Level
Low Risk Medium Risk High Risk
0, x < poo
Number of L X< poo st P90 < X < pos 1, X > poogg
hgt};’ifil:;g A(x) = ,,Z:S,,,ZO, poo < X < pos A(x) = 1,7 pos < x < pog A(x) = pg;gpfzqgl P99 < X < P99.99
0, X > pos pgz‘.’:fp;.sf P995 < X < Pggg 0, x < pgg
0, X 2 P99
0, x < pog
i 1, x < pos sreaimess P99 <X < poos 1, X > P99.999
Ii{nat(i;a;;f; Alx) = { G20, pos <x <psws  Ax) = 1, Poos <X < poog  AX) = 5 PR, pagg < x < pooss
0, X > pogs s P99s < X < Paogs 0, x < po9g
0, X > P99.95
0, x < pao
Peak time x—ll *2pn pgf;go, P = %= pso 17’:{ * = pio
difference A(x) = { 5, pro < x < poo Alx) = 1, pso < x < pro Ax) = § 5200, pio < x < pso
0, x < pro poss P70 < X < pog 0, X > pso
0, X Z poo

2. Build a matrix of fuzzy relationships. For each set of data, the degree of membership

is applied to the different levels of the functions by feature, each feature forming a

line vector. For the i-th feature, if the corresponding vector is (7;1,7i2, . -

generate a fuzzy matrix R as

. Vim), We can

1 T2 "1m
21 122 "om

R = (11)
"nl Tn2 Ynm

https:/ /doi.org/10.3390/app16136642


https://doi.org/10.3390/app16136642

Appl. Sci. 2026, 16, 6642

12 of 28

3. Fuzzy synthesis calculation. Perform weighted summation along the feature dimen-
sions for each sample to form combined assessment matrix B, as

B:AOR:(bl,bz,...,bn). (12)

In this study, the integrated assessment matrix B is (blow, bimedium, bhigh) .

4. Defuzzification. This paper uses the centroid method to calculate scores for each sample:
score=bjoy X 2+ bmedium X 5 + bhigh X 8. (13)

The weights multiplied by each degree of membership are used to distinguish the
severity of different risk classes. The three weights in this study are derived from
the five-tier risk scoring system specified in the Technical Specification for Lightning
Disaster Risk Assessment (QX/T 85-2018) issued by the China Meteorological Adminis-
tration [44]. This standard assigns membership scores of 1, 3, 5, 7, and 9 to the five
ascending risk levels. Since our study reduces lightning risk to only three levels, we
cannot directly adopt the five original weights. Instead, we take the arithmetic mean
of each pair of adjacent original weights to define our three new weights. Specifically,
the low-risk level uses the mean value of 1 and 3, the medium level retains 5, and the
high level uses the mean value of 7 and 9. Although this specification is intended for
building-specific lightning risk evaluation, its core fuzzy-mathematics-based lightning
risk index formula is conceptually transferable.

5. Getrisk indices. The scores after min—-max normalization are the final lightning risk

indices, whose formula is

. score — min
index=———, (14)
max — min

where max and min are the maximum and the minimum original scores.

3.2. Insurance Threshold Selection

The meaning of “risk” includes not only the magnitude of damage caused by a single
lightning strike, but also relates to the potential probability of resulting losses. “Index” refers
to indicators of the intensity of a given disaster, such as earthquake magnitude, typhoon
speed, rainfall amount, etc. The compensation for index insurance is not based on the
actual loss of the insured person but on whether or not the predefined disaster intensity
reaches the trigger level to determine the amount of compensation [45]. Therefore, the
“lightning risk index” not only characterizes the intensity of a single lightning event but
also describes the likelihood of it evolving into a lightning disaster, thereby indicating the
potential probability of triggering an insurance payoff. The lightning risk index is highly
relevant to the loss, and the index calculation data are derived from satellite monitoring and
cannot be predicted or manipulated; there has been historically sufficient data to support the
pricing of parameterized insurance products. It is therefore reasonable and feasible to design
parameterized insurance products for a lightning disaster. As the satellite data selected in
this paper cover a very wide range of regions, this paper designs the insurance product
as a regional index insurance. For the wide range of insured areas, if the lightning strike
index reaches the trigger threshold, the insurance company will provide compensation to
the policyholders to cover the possible economic losses caused by lightning strikes.

The most important thing to design is to establish the trigger threshold for insurance.
The thunderstorm risk is a catastrophe risk, with a small probability of large losses, which
are usually distributed in a thick tail. The POT model, using a generalized Pareto distribu-
tion to aggregate the tail of the loss distribution, is more accurate in describing features of
loss distributions at the end than other statistical methods [46], and the POT model is more
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accurate in the case of small sample data than other methods [47]. This model is therefore
used to select the trigger threshold for insurance. In particular, the methodology described
in the following two subsections is used.

3.2.1. Mean Excess Function Graph

To draw the mean excess function (MEF) graph, we need to calculate the average
difference between each sample and the given threshold u as e(u) = E[X —u | X > u].
Usually, values are uniformly selected from the end of the data, and then all sample points
greater than each threshold are selected. The arithmetic mean is calculated by subtracting
the threshold from these sample points. Based on the ascending order of the exceedances,
the mean exceedance function graph can be drawn, where the horizontal axis represents the
threshold and the vertical axis represents the average exceedance function value [48]. The
mean excess of the function chart often remains positive and shows an overall downward
trend. Usually a location where the mean excess function begins to rise rapidly is selected
as a threshold [49].

3.2.2. Hill Plot

The Hill plot is an important tool for estimating distribution in extreme value theory.
First, sort the risk indices in descending order to obtain the order statistics X(l), X(z)/ eeey X(n).
For each upper threshold k, take the threshold X ;1) and calculate Hill’s estimate [50]:

k
Hy, = %Z (l)k_12 n—1. (15)

In view of the fact that most of the features of the lightning data are in a severe right-
skewed pattern, the k values have been selected from 60. In order to prevent excessive
sample sizes and to avoid introducing system deviations, the maximum k value has been
set at 1%o of the sample volume, and 200 points have been set equally between the range
for observation. The Hill map is based on k values and Hill estimates, where the horizontal
and vertical axes represent the k values and corresponding Hill estimates. Usually, the
index corresponding to the Hill statistic, where the plot displays a linear trend above this
index, is selected as the threshold [51].

3.3. Premium and Claim Design

The selection of the trigger threshold addresses the underlying issue of when to pay,
but it is not sufficient to specify the conditions for payment to constitute a complete index
insurance scheme. Two core economic parameters need to be further defined for a practical
index insurance product: the standard of claim and the premium. The former determines
the amount of financial compensation that an insured person can obtain in the event of a
disaster, which directly affects the safeguarding function of insurance and the incentive
to participate, while the latter relates to the reasonableness of the pricing of insurance
products, financial sustainability, and the willingness of the insured to pay. This section
sets out the methodology for determining the amount of compensation to be paid and the
premium standard separately.

3.3.1. Calculate the Claim

A claim can be calculated using a linear compensation structure. Normally, a base rate

calculation structure is [31]
A-T

rSu—T

(16)

https:/ /doi.org/10.3390/app16136642


https://doi.org/10.3390/app16136642

Appl. Sci. 2026, 16, 6642

14 of 28

where 7 is the claim rate, T is the threshold, A is the actual index value, and U is the index
ceiling for insurance. In this study, T is determined by the average value of the threshold
determined by the two methods described in Section 3.2, and U should make sure the
insurance trigger rate no greater than 20%.

However, compensation mechanisms for index insurance are limited to multilayered
arrangements for the transfer of catastrophic risks. In catastrophe risk transfer systems,
insurance companies spread risk through reinsurance, capital market instruments and
massive-disaster funds in which the government participates, with different levels of loss
shared by the participating entities. Therefore, insurance companies should have a clear
ceiling on their own liability for compensation [52]. Losses above that limit will be taken
over by a superior body, such as the reinsurers or the government, and insurance companies
will no longer be subject to additional liability. Following the industry practice in property
insurance, this article sets the upper limit of the compensation rate at 80%. The formula
used for calculating the rate of claim is therefore

A-T
=min|{ ——,0.8 |. 17
r m1n<u_T,08> (17)
According to Equation (17), the formula for calculating compensation can be

Payoff =r x L, (18)

where L is coverage.

3.3.2. Calculation of Premiums

This paper will calculate premiums in such a way as to achieve a theoretical balance
of payments:
A-T
u-T

Premium=exp(—r(t; —t)) - E9 { x L | ]:t} , (19)
where EQ {% x L | ]:t} means that in the current time period, compensation is expected
to be paid at a risk-neutral measure Q [53], and exp(—r(t; — t)) will discount the compen-
sation amount from the time ¢; when the compensation is paid, using the risk-free interest
rate, to the time t when the premium is determined.

The lightning risk index could not be stored or traded, so the lightning risk parametric
insurance market is an imperfect market. In the imperfect market, due to the existence of
multiple risk neutral measurements, the sole theoretical price of the lightning insurance
product could not be determined only through no-arbitrage pricing theory [54]. Therefore,
this paper limits the theoretical price of insurance products by introducing risk-added factors.

According to the Radon-Nikodym derivative, the risk-neutral measure Q and the
realistic probability measure P are related as follows [55]:

dQ _ _exp(rX)

P~ EPfexp(1X)]’ @0)

where X is the claim and v is an additional risk factor. Therefore, the expected value of
compensation in the risk-neutral measure Q can be indicated in the realistic probability
measure P as

EQ[X] = EP {X dQ}

v id
(21)

_wply.ep(rX) ] _ EP[X-exp(yX)]

=k {X EP[exp(vX)}} EP[exp(1X)]
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This paper replaces the real probability distribution of the sample by the real probabil-

ity distribution of X, as
LN N
N ):1 Xiexp(7X;) ,):1 Xiexp(7X;)
Q ~ 1= _ 1=
EX[X] ~ N == . (22)
N Zl exp(7Xi) ,21 exp(7Xi)
1= 1=

As this insurance product follows a daily activated monthly settlement model, the
discount effect is minimal. For the sake of simplicity, exp(—r(t; —t)) will be ignored. At
the time the premium was set for insurance for the first time, due to the lack of data on
compensation for the insurance period, the expectation is multiplied by a certain risk-
adding factor to cover the uncertainty of the parameter estimates, the tail risk premium,
and the operating and management costs of insurance companies. This is set to 1.2. Upon
the accumulation of data on compensation payments, historical premiums are linked to the
corresponding amounts and the numerical method is applied to Equation (22) to obtain a
significant risk-added factor v and adjust it.

When determining premiums on the basis of multi-month historical data, projections
based on averages are not reliable owing to significant differences in historical data levels.
Accordingly, this paper uses the maximum of the monthly claims. After the above steps,
the premium is determined.

3.3.3. Claim Record Combination

The core feature of index insurance is that compensation is based on objective indi-
cators rather than actual losses, so that the frequency of index values and aggregation
directly influence the outcome of the claim. Satellite monitoring data used in this paper are
provided on a daily basis, so the insurance trigger is implemented accordingly. Specific
processes are as follows:

1. Calculate the daily indices. The value of the current-day insurance index is calculated
daily on the basis of features such as radiation intensity, lightning strike quantity, and
so forth. The combination of the indices reflects the intensity of lightning activity in
the area monitored on that date and is the basis for determining whether or not the
insurance trigger was triggered.

2. Select the maximum value within the day. Given that the intermittent and volatile
nature of one-day lightning activity, a single-time monitoring value may not be able
to provide a full picture of the overall risk level at that date. For the purpose of
conservatively estimating risk exposure and simplifying the processing of claims, the
maximum value of the single-time insurance indices is used as the representative
value of the date for all monitoring times. As long as the maximum value reaches or
exceeds the predefined trigger threshold, the insurance claim is deemed to have been
triggered on that date.

3. Converge records of claims on a daily basis. After a day-by-day determination of
the trigger result, all dates during the insurance period are recorded and a series
of successive claims records is made. Each record contains a separate date and the
amount of compensation calculated according to steps 1 and 2.

4. Experiments

To test the actual performance of the lightning risk index insurance products con-
structed in Section 3, this section conducts a series of experiments based on satellite
monitoring data and historical disaster records in the study area. The experiment included
a daily calculation of the insurance indices and trigger determination, measurement of
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the frequency and amount of payment, comparison of different percentile parameters,
various model settings, and the reasonableness test of loss ratios. In the above-mentioned
experiment, the aim is to assess the safety and financial sustainability of the product.

4.1. Datasets and Experimental Setup

The study selected L2-class lightning group data, which was formed in minutes, from
the Chinese weather satellite FY-4A lightning mapping imager. The dataset used in this
study includes the following key information: the time range spans from 1 March 2023 to
31 May 2023; the observation area covers part of China and Australia; and the total sample
size is 2,061,376. The variable information is shown in Table 2.

Table 2. Basic variable information of the dataset.

Feature

Unit Variable Abbreviation Access

Group Radiance

Hour

Minute

Group Event Count
Group Footprint

km

uJ/m? /ster radiance Directly included in dataset

Extracted from the file name according to the official

None hour .
naming format
. Extracted from the file name according to the official
None minute .
naming format
None event_count Directly included in dataset
2 footprint Directly included in dataset

The lightning mapping imager can detect lightning in China and the surrounding
regions, thereby enabling severe convective weather monitoring and tracking, provid-
ing early warning of lightning disasters. The LMI used a CCD array that operated at a
wavelength of 777.4 nm to capture lightning optical emission. The optical events were
filtered and clustered to “Event”, “Group” and “Flash” products. A “Group” is suggested
as a lightning discharge. An “Event” is suggested, as an optical event of one single pixel
exceeded the background threshold during one frame.

By contrast, lightning events are only instant light detected by individual pixels, which
are susceptible to background light and instrument noise, having a low and unstable signal-
to-noise ratio. Flashes mix multiple independent discharge processes and lose important
process details. Group data allows for both stable signals of high signal-to-noise ratio and the
extraction of abundant feature information, such as the duration of discharge, total energy,
spatial coverage, etc. These features reflect the strength and scale of the thunderstorm system
and are of the most immediate physical significance for assessing flash disaster risk.

The experiments in this study were conducted using Python 3.13.2, which was run on
a computer equipped with an AMD Ryzen 9 7945HX processor with Radeon Graphics at
2.50 GHz, a NVIDIA GeForce RTX 4060 graphics card, and 16 GB of memory.

4.2. Feature Engineering

In order to ensure the quality of the subsequent feature construction and the stability
of model training, the raw data is preprocessed in this study. We remove samples with null
values for the features and those with obvious outliers, mainly including negative or zero
values for physical variables such as radiation intensity, energy, etc. A total of 150 samples
were removed from the experiment and 2,061,226 data points remained for the experiment.

4.2.1. Calculation of Derivative Features

This section converts the lightning detection time into peak distance time (hereinafter
referred to as dist_to_peak) according to the methods described in Section 3.1.3. The
radiation intensity for each hour is shown in Figure 2.
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Figure 2. Daily statistics chart of radiation intensity by hour.

Figure 2 and related statistical information indicate that there are two peak hours of
daily radiation intensity shown as two red dotted lines, which are 4.21 (approximately 4:13)
and 16.78 (approximately 16:47). In the dataset, the time difference between the transformed
radiation peak values is [0.003,6.28] h after conversion, with an average time of 3.19 h.

4.2.2. Variable Selection

To study the correlation between variables and avoid introducing redundancies into
models, this paper calculates the correlation coefficients between variables and draws the
heat map as shown in Figure 3. As can be seen from Figure 3, the correlation between other
variables is generally weak, except the full correlation between lightning events and the
footprint. It has been observed that all lightning footprints in the data collection are 100 times
larger than the number of lightning events. Therefore, we delete the Group Footprint variable
and keep the three remaining variable input models to calculate the lightning risk indices.
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r0.50

footprint 4 0.44 0.03

o
N
o

event_count +

r 0.00

0.44 0.44 I -0.75
T T -1.00

Figure 3. Variable correlation coefficient heatmap.
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dist_to_peak

4.3. Calculation Results of Risk Indices

This experiment starts with principal component analysis. The interpretation variance
of the first principal component in this dataset is 48.17%, and that of the second is 33.68%.
The sum of the two is 81.85%, indicating that the first and second components include most
of the information from the original data. The load matrix is shown in Table 3, where PCA
1 stands for the loading of the first principal component while PCA 2 stands for the loading
of the second principal component.
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Table 3. Principal component analysis load matrix.

Feature PCA1 PCA 2

radiance 0.7100 —0.0568
event_count 0.6980 0.1896
dist_to_peak —0.0938 0.9802

The first principal component has a high and close positive payload in total radiation
energy and the quantity of lightning strikes, while the payload is close to zero at times of
peak risk. This indicates that the first component mainly reflects the overall energy output
scale of lightning activity and represents a combination of radiation energy and the number
of events.

The second principal component has a very high positive payload at the distance and
time from the peak hour, while the payload is close to zero in the total radiation energy
and quantity of lightning. This indicates that the second principal component primarily
captures the temporal features of lightning occurrence as the proximity to the peak period
of risk.

We train the random forest model after calculating training labels. In the experiment,
we divide the data into a total of 82,449 samples for training and 412,246 samples for testing.
The experiment optimized the key parameters using grid search combined with a five-fold
cross-validation. The search space is set as follows:

1. Number of decision trees (n_estimators): 100, 200. This parameter controls the number
of base learners in ensemble learning. If the value is too small, it may lead to under-
fitting. If it is too large, it will increase the computational cost and the benefits will
decrease.

2. Maximum depth (max_depth): 10, 20, None, where None indicates that tree nodes
will continue to split until all leaf nodes are pure or reach minimum sample limits,
allowing models to learn complex non-linear relationships.

The evaluation index for model performance is the determination coefficient (R?),
which is chosen to ensure the robustness of parameter selection. Finally, the parameter
group that yields the highest average R? on the validation set is selected as the optimal
model configuration. After searching, the best parameters determined by the grid search
are n_estimators = 100 and max_depth = 20. The R? of this model under this configuration
on the test set is 0.99926.

In the random forest model, a high determination coefficient is expected and reason-
able. The main reason for this is that the learning objective of the model is the training label
constructed through the PCA, which is a linear combination of original features. Random
forests, with powerful nonlinear fitting capabilities, can closely approximate this determin-
istic mapping relationship with extremely high accuracy. It is important to emphasize that
the core output of the random forest model in this study is not the predicted value but the
feature importance based on the prediction process. This importance is used to measure the
contribution of lightning features to the training label and provide objective weights for the
subsequent fuzzy comprehensive evaluations. Therefore, the high accuracy of the model in
fitting does not affect the rationality and interpretability of the final weight results.

The feature weights provided by the model for group event count, group radiance
and peak distance time are 0.6019, 0.2276 and 0.1705. The feature importance of random
forest output indicates that the number of lightning events is the most contributing risk
factor, followed by total radiation energy and distance time from the peak period. This
finding shows that the frequency of lightning activity has the most significant impact on
risk; moreover, total energy and time series features are also important.
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The statistical chart of the impact of SHAP values on model output is shown in Figure 4.
The SHAP values of the number of flash events and total radiation energy are distributed
on both sides of the zero axis, with negative values concentrated near the zero axis, while
positive values are more dispersed and spread over a large range, suggesting that few
high-energy and large-scale lightning events can have a significant boost to risk. Most
ordinary flashes contribute less, with negative values attached to the zero axis, conforming
to the rule that extreme events are rare. The distribution pattern of the two on the positive
and negative sides is similar, suggesting that the risk of a high number of lightning strikes
is often accompanied by high energy and multiple events. The SHAP values of the distance
time from the peak risk period are consistent with their physical expectations as a feature
of time, which means the closer to the peak, the higher the risk; the farther away, the lower
the risk. The magnitudes of positive and negative effects are similar. These features above
indicate that the risk judgment mechanisms identified by the model are consistent with
physical perception and that the feature importance results are reasonable.

High
event_count I'. .“. Q@O ccoP@moe o ® o o0 o ° ° e o g
_ g
dist_ to peak m &3’
5
radiance F— e o®e L] [l

- - - T T Low

0 1 2 3 4
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Figure 4. Statistical analysis of the influence of SHAP values on model outputs.

SHAP values also have direct practical value in insurance operations. In practice, when
the index is triggered but the policyholder believes that no actual loss has occurred or vice
versa, basis risk disputes appear to arise. SHAP value analysis is capable of providing a
feature-by-feature contribution decomposition for each risk determination. Such attribu-
tional information can help insurance institutions explain to policyholders the basis for
each trigger decision, thereby enhancing the transparency and credibility of index-based
insurance and reducing claim disputes technically.

After obtaining the feature material weight vector, this paper uses fuzzy mathematic
methods to calculate the lightning risk indices. The statistics of data risk levels are shown in
Table 4, where we still adopt the lightning risk grading criteria from reference [44]. Table 4
shows that the distribution of sample risk levels is significantly skewed to the right. Low-
risk samples absolutely dominate, while medium-risk samples account for about 4% and
high-risk samples account for only 0.03%. This distribution structure is highly consistent
with the natural attribute that long periods of silence are followed by short bursts. This
indicates that the model has a good ability to distinguish between normal conditions and
extreme events.

Table 4. Risk level statistics situation.

Risk Level Risk Index Range Amount Percentage
Low risk [0, 0.4] 1,971,044 95.62%
Medium Risk (0.4,0.8] 89,605 4.35%
High risk (0.8,1] 577 0.03%

The number and percentage distribution of samples in each score range are shown in
Figure 5. Figure 5 shows a highly concentrated single-peak pattern of risk score distribution,
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with peaks in the range [0.1, 0.2), with a total of 93% of samples concentrated in the lower
range [0.1, 0.3). As the scores rises, the percentage of samples falls sharply, cumulatively at
1.5% for more than 0.5 and 70 samples for more than 0.9, indicating that the model had a
strong screening capability for extremely high-risk samples.
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Figure 5. Histogram of sample quantities and proportion distribution for each score range

4.4. Insurance Premium and Claim Calculation Results

According to the methodology described in Section 3.2.1, the MEF and Hill plots are
drawn as Figures 6 and 7. The mean excess rises very rapidly when the threshold in Figure 6
is 0.8120. Thus, the MEF plot sets the trigger threshold at 0.8120. In Figure 7, when the K
value is 183, there is a significant and continuous increase, at which time the corresponding
threshold is 0.8324. Combining the two methods above, we ultimately set the trigger
threshold as an average of 0.8222. Considering that the study area covers two very large
countries, China and Australia, the experiment assumed that the limit for compensation
per accident is 800,000 yuan. Following the methodology described in Section 3.3, this
experiment calculates the theoretical compensation and insurance premiums for all data
and consolidates them into the records of the claims shown in Table 5. Due to the limitations
of the space available, only records of claims greater than zero are kept. Table 5 shows a total
of 64 events triggered in the experimental data during the three-month period, of which 55
were partial and nine were capped at 800,000 yuan. Taking into account the positioning of
this study as a regional insurance product, the nine events reflect nine extremely intense
convective weather events occurring in a wide area covering China and Australia, with
a density of only about 0.42 per million square kilometers per month. The frequency is
completely in line with the climatic characteristics of thunderstorm activities in the regions
of both countries. This result is therefore evidence that the model can effectively identify
regional extreme disaster events.

Table 5. Experimental aggregation of non-zero claim records.

Month Day Payoff Month Day Payoff
3 21 673,153.1 4 27 147,926.6
3 22 131,403.6 4 28 458,250.4
3 23 539,274.5 4 29 800,000
3 24 458,250.4 5 2 351,147.5
3 25 319,646.6 5 3 169,748.5
3 26 195,682.8 5 4 509,348.7
3 27 800,000 5 5 800,000
3 28 787,556 5 6 539,369.5
3 29 800,000 5 7 800,000
3 31 221,041.1 5 8 800,000
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Table 5. Cont.

Month Day Payoff Month Day Payoff
4 1 192,512.5 5 9 673,153.1
4 2 486,288.3 5 10 139,213.5
4 3 171,804.7 5 11 59,769.32
4 4 262,012.3 5 12 131,403.6
4 5 188,335.2 5 13 51,604.82
4 6 267,317 5 14 601,771.3
4 7 107,525.5 5 15 171,804.7
4 10 131,403.6 5 17 131,403.6
4 11 35,891.24 5 18 577,640.8
4 12 242,760.1 5 19 256,707.5
4 13 114,078.1 5 20 800,000
4 14 192,941.2 5 21 267,317
4 15 286,510.3 5 22 246,316.4
4 17 429,899.6 5 23 219,560.9
4 18 497,938.3 5 24 628,834.8
4 19 800,000 5 25 336,093.9
4 20 673,153.1 5 26 493,345.8
4 21 800,000 5 27 374,538.4
4 22 219,560.9 5 28 195,682.8
4 23 771,864.2 5 29 147,926.6
4 24 770,269.1 5 30 651,102.5
4 25 192,353.7 5 31 509,348.7
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Figure 6. Mean excess function plot.
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Figure 7. Hill plot.
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Ultimately, due to the fact that the premium is the highest in May, the experiment
resulted in determining the final premium of 13,960,984.95 yuan.

4.5. Verification of Loss Ratio

This subsection uses monitoring data generated by the same satellite from 1 June 2023
to 30 June 2023 to simulate compensation records to validate model stability by calculating
loss ratio. The loss ratio is calculated as

Payoff

L tio= 100%. 23
oss ratio Pre X (23)

mium

The June claims records are shown in Table 6. Table 6 shows that 30 days in June all
triggered compensation, and there is no zero-compensation day. This might be because
the study area was in the peak summer period when thunderstorm activities were at their
strongest, resulting in a significant increase in the frequency and intensity of severe con-
vective weather. Payoffs on a single-day basis were concentrated between 486,899.4 yuan
and 800,000 yuan, of which the maximum was reached on 5, 12 and 14 June. The overall
distribution of payments was more even and not extremely volatile.

Table 6. Payment records in June.

Month Day Payoff Month Day Payoff
6 1 570,394.7 6 16 532,858.6
6 2 570,394.7 6 17 595,320.4
6 3 754,887 .4 6 18 779,075.7
6 4 787,832.9 6 19 649,430.7
6 5 800,000 6 20 634,758.1
6 6 486,899.4 6 21 570,394.7
6 7 503,673.1 6 22 652,098.9
6 8 593,460.8 6 23 531,748.6
6 9 713,823.3 6 24 615,625.4
6 10 531,180.3 6 25 486,899.4
6 11 615,625.4 6 26 486,899.4
6 12 800,000 6 27 486,899.4
6 13 615,625.4 6 28 684,746
6 14 800,000 6 29 771,339.2
6 15 534,590.3 6 30 593,460.8

According to the provisions on the mandatory stress scenarios for stress testing in
Insurance Company Solvency Supervision Rules (1I) issued by the China Banking and Insurance
Regulatory Commission, a comprehensive loss ratio increases to 120% of the base scenario
within the next quarter constitutes a stress scenario that requires attention. Given that
the test window for this experiment covers only a single month, the coverage area is a
wide range of China and Australia, the volatility of the compensation rate is magnified by
the shorter observation time window, and therefore the compensation ratio is considered
reasonable between 0.5 and 1.5. The total amount actually claimed in June is calculated at
18,749,943.00 yuan, with the ratio of the premium based on the data of the previous three
months is 1.343, indicating that the model did not show systematic pricing deviations in
the off-sample data. The loss ratio passes the test, and the model was robust.

4.6. Sensitivity Analysis

Lightning strikes are rare events, but when they occur, they often cause severe conse-
quences. This is reflected in the lightning data by extremely high kurtosis and skewness.
Therefore, the percentile thresholds in the membership functions cannot be set to the
conventional values commonly used in fuzzy mathematics, such as p1o, p30, pso and pyo.
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To justify the parameter selection, we respectively modify the thresholds for the number
of lightning strikes and radiance intensity to the conventional percentiles, as shown in
Tables 7 and 8, and compare the resulting loss ratios across different parameter settings.
The peak time difference exhibits relatively normal skewness and kurtosis and thus remains
unchanged. The experimental results are presented in Table 9.

Table 7. Membership functions with different percentiles for number of lightning strikes.

Factors Risk Level
Low Risk Medium Risk High Risk
0, x < pao
X—P30
Number of 1;( X < pio Pro—pa’ P30 <X < Pso x}p’ X = pgo
hggifil:;g Alx) = ,,Zg‘)_,,m, P10 < x < p3o A(x) = llx pso < x < pro A(X) = § mpgr P70 <X <poo
0, x> pao p’;’go,,,m, p70 < x < poo 0, x < poo
0, X 2 poo
0, x < pog
.

) 1, x < pos Sreaimes P99 <X < Poos 1, X 2 P99.999
Radiance Alx) = { Pos=x pos < x < p Ax) = 1 <x< A(x) = { B9 pgg g < x < Pogggo
intensity Poos—pos’ P 995 - Po9s = X = Poas P99.999—P999” : -

0, X > po9s %, P99.9 < X < P99.95 0, x < po9g
0, X > P99.95
0, x < pao
o
Peak 1, X > poo pwo s P30 < X < pso 1, x < po
eak time _ X—p70 _ _ Pso—x
difference AWX) = fapr PO <X < P20 Alx) = llx P50 < X < pro A(X) =4 pampgr P10 <X < pso
0, x < pro s P70 < X < pog 0, x > pso
0, X Z poo
Table 8. Membership functions with different percentiles for radiance intensity.
Factors Risk Level
Low Risk Medium Risk High Risk
g
0, x < poo
pa
Number of lightni L ¥ < Poo P95f;(9]o’ Poo < X < pos 1, X 2> P99.99
umber of lightning _ Pos—x _ — X—P99
strikes Alx) =4 550 Poo<x<ps Ax)= . 1,4 pos Sx < poo AX) = arape P99 <X < P99go
0, x> pos oo Faess P95 <X < P99y 0, x < pog
0, X 2 P999
0, x < p3o
e
1, x < po Psof?’go’ P30 < x < pso 1, X > poo
. . . _ P30—X _ X—p
Radiance intensity A(x) = Psg(LPw’ P10 < x < pao A(x) = 1ix pso < x < pro A(x) p%f;go, P70 < x < poo
0, X > p3o pzzllpm’ P70 < x < poo 0, x < poo
0, X 2 poo
0, x < pao
Yo
1, X > poo peo s P30 < X < pso 1, x < po
. . _ x— _ — pso—X
Peak time difference ~ A(x) = Pgof;(;o’ p70 < x < poo Ax) = , 1Lx pso < x < pro A(x) = psgofpm’ p1o < x < psp
0, x < pro P P70 <X < poo 0, x > pso
0, X 2 pog

Table 9. Comparison of Percentile Thresholds.

Membership Function Thresholds of T and U Premium in May Payoff in June Loss Ratio
As shown in Table 1 T=08222,U=1 13,960,984.95 18,749,943.00 1.343
As shown in Table 7 T=08952U=1 6,845,081.17 11,278,631.41 1.648
As shown in Table 8 T=09805U=1 2,347,249.87 1,387,588.74 0.591
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The results show that the loss ratios in both cases deviate more significantly from 1
compared to the original model. This is mainly because the traditional percentile method
misclassifies a large number of low-risk lightning strike data as medium-risk or even
high-risk, thereby introducing excessive noise that prevents the model from accurately
identifying the lightning hazards that are truly likely to occur. Therefore, this experiment
demonstrates that percentile parameters set according to the actual data distribution, rather
than based on empirical rules, are more suitable for operational application scenarios than
traditional percentile parameters.

4.7. Model Comparison

To quantify the contribution of each component in the proposed framework, this sub-
section compares the loss ratios of the original model, its reduced variants, and a variant
where forests is replaced by XGBoost. Since only the fuzzy logic-based method follows a
conventional normalization practice for deriving the lightning risk index, the outputs of the
other models were kept in their original unscaled form to ensure a fair comparison. For each
model, the trigger threshold was selected using the same procedure, and the corresponding
premiums and payoffs were calculated accordingly. The comparison results are presented in
Table 10.

Table 10. Model Comparison.

Model Thresholds of Tand U Premium in May Payoff in June Loss Ratio
PCA + RF + Fuzzy Mathematics T=08222,U=1 13,960,984.95 18,749,943.00 1.343
PCA T =16.2324, U = 20.5840 1,852,675.76 0 0
PCA +RF T =15.0340, U = 15.7896 4,677,587.70 1,761,882.13 0.3766
PCA + XGBoost + FuzzyMathematics T=08514,U=1 10,520,024.19 16,657,199.63 1.583

It is observed that when using only the PCA score for the payout simulation, no claim
was triggered throughout the entire month of June. However, there were publicly reported
lightning disaster events in China alone during that period, indicating that the model fails to
capture actual lightning occurrences and would therefore be unacceptable to policyholders
in practice. For the PCA + RF model, the MEF plot did not show a clear upward trend
in the mean excess values, while the Hill plot produced stable and interpretable results.
Therefore, the trigger threshold for this model was selected solely based on the Hill plot.
This also suggests that the raw RF output alone may not be fully suitable for the operational
scenario considered in this study. Among all model variants, the original framework yields
a loss ratio closest to 1, indicating that it achieves the best overall performance and that
each of its components makes a positive contribution to the model’s effectiveness.

5. Conclusions

This paper presents a design scheme for a lightning risk index insurance product
based on multi-source remote sensing data and machine learning combined with fuzzy
mathematics theory. First, using PCA to score the principal components from the radiation
intensity, the number of lightning events, etc., and combining random forests regression with
the analysis of SHAP values, the importance of the lightning activity features is constructed.
Second, the calculation of the lightning risk index was achieved by combining the feature
weights with fuzzy mathematics theory. Based on this, the trigger threshold, compensation
amount and premium standard for the index insurance were designed, forming a complete
product framework. This work provides a transferable index insurance design approach for
regions that require real-time multi-source remote sensing monitoring data or lack historical
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disaster damage data. It integrates multidisciplinary approaches and has some outreach
value in other natural disaster areas such as fires, typhoons and rainstorms.

The experiment verified the insurance scheme based on historical satellite monitoring
data. The results showed that the constructed risk index could effectively capture the temporal
and spatial characteristics of lightning activities. The random forests model had a low fitting
error for the training labels, and the feature importance weights revealed by SHAP values
were consistent with physical cognition. Through daily determination and aggregated claim
records, the insurance scheme had reasonable frequency and amount distribution of payouts
under different trigger thresholds, and the premium pricing took into account both actuarial
fairness and market acceptability. Compared with the traditional fixed threshold method,
this method has obvious advantages in risk discrimination and payout stability.

The framework proposed in this study demonstrates certain feasibility for deployment
in actual insurance systems. Taking the data source used in this study, the FY-4A satellite,
as an example, it can observe data on a minute-by-minute basis and generate data within
approximately one minute, with the day’s observational data made publicly available on
the official website within 24 h. Insurance companies may consider establishing operational
collaborations with meteorological centers to obtain customized data in a more timely
and accurate manner, thereby integrating it into their business processes and reducing the
workload of model data preprocessing. Relevant experiments have shown that in model
comparisons processing financial data at large scales, it takes random forests 47.3 s to
train, while the prediction latency remains at a reasonable 12.4 milliseconds. This makes it
suitable for batch processing applications [56]. This satisfies the computational efficiency
requirements for insurance applications that settle claims on a monthly basis.

However, due to the limitations of the temporal and spatial resolution of satellite data
and the impact of base risk, future research will integrate summer season data, incorpo-
rate higher-resolution observational data and combine reinsurance transfer mechanisms
and surveys of policyholders” willingness to pay to optimize the pricing strategies and
promotion plans for insurance products. Furthermore, due to the temporal granularity of
publicly available data, it is not yet possible to correlate the monthly lightning-related losses,
insurance claims, and other real-world impact indicators for the corresponding region with
the risk index. In future work, this study will attempt to collect or reasonably simulate dis-
aster loss data so as to further validate the rationality of the lightning risk index. Moreover,
with the development of blockchain and smart contract technologies, implementing a claim
settlement model based on daily claims may be considered in the future [57].
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SHAP SHapley Additive exPlanations
SVM  Support Vector Machine

OOB  Out-of-Bag

POT Peaks Over Threshold
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