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Abstract: The current methods for lightning risk warnings that are based on atmospheric electric 1
field (AEF) data have a tendency to rely on single features, which results in low robustness and =
efficiency. Additionally, there is a lack of research on cancelling warning signals, contributing to the s
high false alarm rate (FAR) of these methods. To overcome these limitations, this study proposesa 4
lightning risk warning method that incorporates enhanced empirical Wavelet transform-Adaptive s
Savitzky Gorey filter (EEWT-ASG) and one-dimensional morphology, using time-frequency domain
features obtained through the Wavelet transform (WT). The proposed method achieved a probability 7
of detection (POD) of 77.11%, miss alarm rate (MAR) of 22.89%, FAR of 40.19%, and critical success s
index (CSI) of 0.51, as evaluated on 83 lightning processes. This method can issue a warning signal o
up to 22 minutes in advance for lightning processes. 10

Keywords: Atmospheric electric field (AEF), lightning risk warning, enhanced empirical Wavelet 11
transform-Adaptive Savitzky Golay filter (EEWT-ASG), one-dimensional morphology, Wavelet trans- 12
form (WT) 13

1. Introduction 14

Lightning disasters pose a significant threat to humanity and have been listed as s
"one of the ten most severe natural disasters" by the United Nations. In southern China, 1e
lightning disasters account for 82.98% of total disasters, and casualties constitute 82.94% of 17
the total number of casualties [1,2]. The atmospheric electric field (AEF) is a fundamental 1.
parameter in atmospheric physics and atmospheric electricity [3,4]. Lightning activities are
often accompanied by changes in AEF, which can be utilized for lightning warnings. 20

In recent years, research on lightning risk warnings based on AEF has rapidly pro- =
gressed. Warning methods can be broadly divided into two categories: time-domain and 22
frequency-domain. Time-domain methods typically employ the simple AEF threshold s
method for lightning risk warnings. However, these methods exhibit a low probability of 24
detection (POD) and neglect the inherent physical characteristics of AEF. Furthermore, they 25
fail to thoroughly explore the relationship between AEF characteristics and lightning [5,6]. 26
In 2008, Murphy conducted a preliminary investigation of lightning warning using the  =-
threshold judgment method for AEF data [7]. in 2009, Aranguren compared and analyzed 2s
the threshold method and the polarity reversal method, discovering that the first polarity 2.
reversal of AEF data was more effective in predicting lightning occurrence, with 47% ac-  so
curacy [8]; in 2015, Srivastava combined AEF data with the Markov model to achievea s
POD of 66.45%, but the false alarm rate (FAR) reached 59.7%, rendering it unsuitable for s
practical application [9]. 33

Frequency-domain methods first employ spectral transform methods, such as Fourier s
transform, Hilbert-Huang transform (HHT), and short-time Fourier transform (STFT), to s
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obtain features. Lightning warnings are then achieved by setting thresholds for these 36
features. Although the warning effect has improved compared to time-domain methods, -
the application of AEF data remains insufficient [10,11]. In 2014, Kang demonstrated that  ss
AEF energy could be used as a characteristic of lightning risk warning via STFT [12];in s
2016, Lu utilized HHT and observed that the high-frequency energy of AEF gradually 4o
increased during lightning events. A method for using energy for lightning risk warnings
was also proposed [13]. However, previous studies have failed to account for the impact of 22
noise on the atmospheric electric field (AEF) [14]. a3

In this study, we address the noise of AEF and the low POD of existing methods 4.
by proposing a lightning risk warning method based on EEWT-ASG and Morpho. This s
method initially decomposes the AEF signal using EEWT-ASG to minimize the noise s
component, then extracts time-domain and frequency-domain features employing Wavelet 47
transform (WT), and ultimately achieves lightning risk warning by setting thresholds for s
the features and Morpho-based trend calculation. Compared to using time-domain or 4
frequency-domain features, the POD of warning is improved, and both MAR and FAR are  so
reduced. 51

The remainder of this paper is organized as follows. Section 2 describes the EEWT- =
ASG and global trend calculations based on Morpho. Section 3 analyzes the time-frequency s
spectrum of the AEF for the lightning process. Section 3 analyzes the time-frequency spec-  ss
trum of the AEF for both lightning and non-lightning events. Finally, Section 5 summarizes s
and discusses this study and provides a plan for future work. 56

2. Method 57

In this section, we introduce two approaches for lightning warning scenarios, aimed  ss
at mitigating the impact of noise and augmenting the generalizability of the lightning risk  se
warning methodology. 60

2.1. EEWT-ASG 61

In 2021, Yang emphasized the importance of denoising for the study of AEFs and pro- e
posed a complementary ensemble empirical mode decomposition with adaptive noiseanda e
Savitzky-Golay filter (CEEMDAN-5G) for AEF noise reduction [14]. However, CEEMDAN, s
being an iterative signal decomposition method, demands a considerable amount of time s
to process intricate signals [15], rendering it unsuitable for real-time warning requirements. s
In 2013, Gilles presented an empirical Wavelet transform (EWT) [16], which offers faster e
processing than empirical mode decomposition (EMD). Nevertheless, the challenge with e
EWT lies in executing spectrum segmentation. Although Gilles proposed several solutions e
to this issue [17], these methods still led to excessive spectrum segmentation, resulting in 7o
redundancy in the decomposition outcomes. In 2017, Hu investigated Gilles’ spectrum
segmentation methods and introduced an enhanced empirical Wavelet transform [18]. 72

In this study, we employed EEWT to carry out the decomposition of AEF signals, with 7
the decomposition outcomes displayed in Fig. 1. It is evident that the original AEF signal 7
is partitioned into four modes, each displaying a progressively increasing frequency. We 7
designated the AEF signal and the decomposed k component signals as D(n) and D;(n), 7
i € [1, k], respectively, which maintain the following relationship: 7

k
D(n) = ) Di(n). M)

Indeed, the value of k is dictated by the inherent complexity of the processed AEF
signal, which stems from the adaptive spectral analysis performed by the EEWT. The
more intricate the frequency components of the AEF signal, the greater the number of
decomposed modes. In order to ascertain whether each component contained noise, we
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Figure 1. The modes extracted by EEWT are displayed, with (a) representing the original signal and
(b) through (e) illustrating the decomposition modes.

employed an autocorrelation analysis, inspired by Yang, to make this determination[14].
We computed the normalized autocorrelation function of D;(n) as follows:

Yn=—oo Di(1) Di(n + m)
Rp,(m) = Y o Di(n)Dj(n)

At this time, the normalized autocorrelation function for all components can be obtained as

@

RD ~ [RDl RD2 cee RDk]' (3)

Furthermore, the normalized autocorrelation function of the ideal Gaussian white noise
was computed and denoted as Ryyyis. Subsequently, the Pearson correlation coefficient [19]
was employed to gauge the similarity between Rp, and Ry, as follows:

COV(RDI RNoise)

O.RD O-RNaise

Pearson = = [Pearsony Pearsony--- Pearsony| 4)

Among them, COV and ¢ denote the covariance and standard deviation, respectively.
The range of Pearson; is between -1 and 1. Pearson; closer to 1 means that the correlation
between Rp, and Ry is better, then the more probable that Rp, contains noise. In this
study, the component signal D\,;s. (1) that contains noise is defined as follows:

' _ [ Dj(n), if Pearson; > 0.75
Dnoise(n) = { 0, if Pearson; < 0.75 ©®)
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An Adaptive Savitzky-Golay (ASG) filter is employed for Dy (1) to smooth it [20].

The ASG filter addresses the issue of selecting two key parameters in the SG filter: the size
of the data window and the polynomial degree. If the data window is excessively wide, it
may result in the loss of valuable information in the signal. Conversely, if the data window
is too narrow to effectively filter the signal, opting for a large polynomial degree might
introduce new noise, while selecting a small polynomial degree could cause distortion
due to oversmoothing of the signal [14,21]. Given that the AEF signal is non-stationary,
fixing both the data window size and the polynomial degree in signal smoothing could
lead to the loss of original information in the signal. In [14], Xu utilized an SG filter to
address the noise in AEF and set the polynomial degree and data window size to 3 and 7,
respectively. Building on Xu’s work, we adopted a polynomial degree of 3 and employed
the G-FL scheme to dynamically adjust the data window size [20]. The denoising results
are depicted in Fig.2.
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Figure 2. The denoising results of EEWT-ASG are presented, with (a) representing the original signal,
(b) illustrating the denoised signal, (c) depicting the dynamic adjustment of the data window size
using the G-FL scheme, and (d) showcasing the noisy signal.

2.2. Calculation of global trend based on Morpho

To delineate the global trend of the signal over time, drawing inspiration from Hu and
Gilles” trend computation [18,22], we put forth the following method to acquire the global
trend based on Morphology.

Dilate(n) = MAXkea, (X(k)) (6)

Erode(n) = MINieca (X (k)) (7)
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Where X is the data sequence and As is a sliding window of size s. Euclidean distances
between the local maxima of the data are calculated and denoted as X; ,c1max-

5= MAX(XLocalmax) (8)
Cl(n) = Erode(Dilate(n)) )
Op(n) = Dilate(Erode(n)) (10)

morpho(n) = M (11)

Prior to the Dilate and Erode calculations, data must undergo preprocessing using
the mirror expansion method to ensure consistent data size [18]. The results of Morpho
are rectified through the following steps. Firstly, the first-order backward differentiation
of morpho(n) is calculated and denoted as Amorpho(n). Subsequently, the upward and
downward regions in morpho(n) are identified as:

Upward Region,
Flat Top,
Downward Region,

if Amorpho >0
if Amorpho =0
if Amorpho <0

Trend = (12)
Ultimately, the flat top is rectified based on the following three criteria:

e the flat top is classified as the upward region if both the left and right sides of the flat
top are within the upward region;

* the flat top is designated as the downward region if both the left and right sides of the
flat top are within the downward region;

* and the remaining flat tops, identified as the complex region, have their trends disre-

garded.
E
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Figure 3. Global trend of the Morpho with rectification.
Here, we calculate the global trend using equation (13).
. Length(Upward Region)
Upward, if Length(Upward Region+Downward Region) > 0.60
Global Trend = Downward, if Length(Downward Region) > 0.60 (13)

Length(Upward Region+Downward Region)

Unclear, Others

In equation (13), the global trend is represented as a ratio, which is subsequently
assessed by establishing a threshold value. The selection of this threshold bears a direct
influence on the efficacy of the global trend determination. We used the 22 days of lightning
weather data analysed statistically in the next section and set the threshold to 0.6 by the
95th percentile method. The outcomes of the trend computations are illustrated in Fig. 3.

92

93

94

95

926

97

98

929


https://doi.org/10.20944/preprints202304.1275.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 April 2023 d0i:10.20944/preprints202304.1275.v1

60f13

The corrected upward (downward) trend range is depicted in green (red). By employing 10
equation (13), the signal in Fig. 3 is characterized as a global uptrend. This methodology o5
provides a more holistic examination of the signal trend, as opposed to solely relying on 1
slope for the determination of the global trend. Furthermore, the presence of a data window 107
of size s (equation (8)) imparts partial resistance to interference, ensuring that substantial 108
local signal fluctuations do not compromise the global trend determination. 100

3. Time-frequency spectrum feature statistics 110
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Figure 4. The AEF changes during a lightning event.
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Figure 5. Time-frequency spectrum of AEF by WT for a lightning event.

The Atmospheric Electric Field (AEF) represents the magnitude of the electric field 11
in the atmosphere at any given location and time. AEF changes are intimately connected 112
to lightning activity, and lightning may occur when the AEF potential gradient reaches a 113
breakdown value. Consequently, analyzing the AEF characteristics of a specific regionis 11
not only beneficial for understanding the AEF characteristics of lightning weather, but also 15
plays a crucial role in lightning warning systems. 116

In this study, AEF data were obtained from a novel Microelectromechanical Systems 117
(MEMS) Atmospheric Electric Field Meter (AEFM)[23]. This device employs highly sen- 1.
sitive, low-power MEMS electric field sensor chip technology, fulfilling the requirements 110
for real-time monitoring of lightning weather events[24]. The AEFM was positioned atop 120
the Guangzhou Tower at an elevation of 500 m (113°19’'9”E, 23°6/33” N). Considering the 121
AEFM’s resolution for AEF measurements, we selected a total of 62 days of AEF data for 122
statistical analysis, which included 22 days with lightning weather events and 40 days with = 12s
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non-lightning weather events. In the lightning weather cases, the initial cloud-to-ground = :2a
(CG) flash locations were all within a 10 km radius of the AEFM. 128

The variations in AEF and frequency spectrum during the lightning event are depicted 126
in Figs. 4 and 5, respectively. The red and green dashed lines represent the warning time 127
and de-warning time as determined by the Guangdong-Hong Kong-Macau Lightning  12s
Location System (GHMLLS), respectively. In 2022, data from artificially triggered lightning 120
experiments conducted by Yue were employed to assess the performance of the GHMLLS 130
utilized in this study. The outcomes revealed that the detection efficiencies for artificially 13
triggered lightning and strokes were 96% and 88%, respectively. The arithmetic mean, s
geometric mean, and median values of location error amounted to 279 m, 193 m, and 202 133
m, respectively[25]. 138

Integrating Figs. 4 and 5, it is evident that the AEF data exhibited significant fluc- 1ss
tuations around the warning time (indicated by the red dashed line), accompanied by a 136
substantial increase in the spectral bandwidth. Consequently, we employed the manually a7
determined warning information as the benchmark and computed the spectral bandwidth = 13s
B(n), energy difference Dif f, and standard deviation STD of the AEF data, as presented 130
in Tables 1 and 2, respectively. 140

Table 1. Spectral Bandwidth and STD statistical results of lightning and non-lightning processes.

Range

Category Phase Period  Index  Average i max

|ABavg]| 5.51 0.02  14.46
|ABmax|  225.54 0 36828
Before |ABmm| 0 0 0
STD 1.80 021 693

[ABavg| 719 099 1447
|ABmax| 222.83  62.65 341.84

Warning

After aB | 0 0 0
o STD 573 022 59.06
Lightning ABagl 610 008 1650
|ABmax| 21206 13.88 36828
Before |ABmm| 0 0 0
. STD 155 022 588
De-warning ABag| 379 0 1089
|ABmax| 13725 0 293.49
After aB | 0 0 0
STD 159 018 677
[ABavg| 001 0 264
o |ABmax| 024 0 14430
Non-lightning | AByin| 0 0 0
STD 006 001 480

In Table 1, the first-order backward differentiation of B(#) is calculated and represented  1a:
as AB(n). Using 10 minutes of AEF data as the statistical length, we evaluated |ABayg|, 1s
|ABmax|, |ABmin| and STD under lightning and non-lightning conditions. |ABayg|, [ABmax|, 143
and |ABpin | represent the average, maximum, and minimum values of [AB(n)|, respectively. 1aa
The lightning event was divided into four stages based on the warning information from 14
the time flow: before the warning, after the warning, before the de-warning, and after the 14
de-warning. From Table 1, it is evident that |ABan| and STD can effectively differentiate 1
between lightning and non-lightning events, and they can be considered as features for 14
lightning risk warning. 149

In Table 2, we denote the energy of the original AEF signal as E(#) and the energy of the  1so
AEF signal with low-frequency components removed as E'(n). Furthermore, we represent s
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Table 2. Statistical results of energy differences between warning and de-warning of the original AEF
data, CEEMDAN-SG denoised data, and EEWT-ASG denoised data.

Filter No Filter CEEMDAN-SG EEWT-ASG

Index  Average Range Average Range Average Range

Diffasg 1296 533 3808 1223 407 3494 1248 407 3497
Diffmax 2789 1701 57.07 1614 1614 5182 27.82 1779 52.20
Diffmin 191 0 1672 218 0 1721 207 0 17.48
Diff,, 1354 589 3082 1277 511 2887 138 552 2840
Diffra 3436 2098 5954 3195 2223 5456 3739 2506 5477
Diff... 075 0 5.68 120 0 8.69 1.03 0 9.13

the warning and de-warning moments as 7, and 14, respectively. The energy difference is
Diff is given by equation (15). Similarly, we calculate the energy difference for E (n), 2
denoted by Dif f'. For both Diff and Diff , we also calculate the average, maximum, 1ss
and minimum values, which are denoted as Dif fayg(Dif f;vg), Dif fanax(Dif fora), and 1

o

3

o

5

Dif fmin(Dif f;mn), respectively. 156
Eg(m,n) = |E(m) — E(n)| (14)
Eg(11w — 300, g — 300)  «++  Eg(ne — 300, 14, + 300)
E;(ny —299,n4, —300) .-+ Ez(ngy — 299,14, + 300
Diff = (1w ik ) (1w Mk ) (15)
Eg(ng + 300, 14 — 300) - -+ Eg(11qy -+ 300, 114, + 300)
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Figure 6. The AEF energy changes during a lightning process.

Combining Table 2 and Fig.6, it can be observed that the energy difference between 1ss
1y and ng,, is very small. Meanwhile, owing to the slow fluctuation of the AEF (i.e., low- 1se
frequency signal) during the non-lightning process, we consider it as a disturbance in the 1s0

lightning warning. After excluding the signal energy near the zero frequency, Dif was 1o

min
only approximately 1 dB; therefore, we chose E'(n) as the main feature for de-warning. e
Comparing the energy difference between the original and denoised signals, the ranges of 12
Dif f;vg and Dif fr/nax after denoising were reduced to different degrees.This indicates that 1es
the denoised AEF signal has a better energy correspondence between 1, and 14, which  1es

has positive implications for lightning risk warning. The denoising effects of CEEMDAN- 165
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SG and EEWT-ASG were similar. In terms of time consumption, EEWT-ASG requires less 166
time than CEEMDAN-SG. 167

4. Lightning risk warning method and evaluation 168

Building upon the time-frequency spectrum statistics for lightning and non-lightning  1ee
events presented in Section 3, we merge the two techniques from Section 2 to develop a 17
lightning risk warning method. Moreover, an evaluation of this risk warning method is 17
provided to demonstrate its effectiveness. 172

4.1. Lightning risk warning method based on AEF signal 173

The lightning risk warning method proposed in this paper consists of two components: 174
warning and de-warning. The "global trend" referenced here is computed using the method 17

detailed in Section 2.2. The criteria for warning and de-warning are outlined below. 176

Warning conditions: 177
e B(n)and E (1) of the AEF signal show a global upward trend over 20 min; 178
*  |ABayg| > 0.5, E;Vg > -20dB, and STD > 0.5 in 10 min; 179

During the design of de-warning conditions, we found that relying solely on AEF  1s0
energy at the moments of warning and de-warning led to inaccuracies in identifying the 1
conclusion of a minor fraction of lightning events. To guarantee the smooth operation of s
the entire method, we devised an alternative Scheme II as a supplementary measure for the iss
lightning risk warning method in cases where the de-warning signal is unable to be issued 184

properly. 165
De-warning conditions: 186

Scheme I 167
e B(n)and E (n) of the AEF signal show a global downward trend over 20 min; 188
*  |Eayg — Ey| < 1dBand STD < 1in 10 min;

Scheme II 100
e The sum of the 10 judgments for [ABa,yg| was less than 0.1; 101
. STD < 1in 10 min; 102

In the Scheme I, E,, is the minimum value of E;Vg among the 10 judgments before the 103

lightning risk warning method is judged as a warning. E, changed with the value of E; ¢
each time the lightning risk warning method was judged to be a warning state. A flowchart 105
of the lightning warning method is presented in Fig.7. 196

4.2. Evaluation metrics 107

In accordance with the scholarly definitions of the Area of Concern (AOC) and Warning  1es
Area (WA) within the "Two Area Method" [7,26,27], we establish the AOC and WA as 10
illustrated in Fig. 8. Here, the circle’s center represents the location of the AEFM, while the 200
AOC encompasses the area surrounding the AEFM that requires protection from lightning 20
hazards. Additionally, the WA constitutes the outer region encircling the AOC. 202

To assess the performance of the warning behavior, we utilized five metrics: Probability
of Detection (POD), Miss Alarm Rate (MAR), False Alarm Rate (FAR), Critical Success Index
(CSI), and Mean Warning Lead Time (WLT). These metrics are represented by equations
(16), (17), (18), (19), and (20), respectively.

EA

POD = EA +ITW

(16)

FTW

AR= ——
M EA+FTW

=1-POD (17)
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Figure 7. Flow chart of the lightning risk warning method.
Figure 8. Configuration of AOC and WA.
FA
FAR = —— 18
FA+EA (18)
EA
CSI = 19
FA+EA+FTW (19)
EA /.: / .
Y. (time. — time;)
WLT = == ! 20
A (20)

In these metrics, EA represents the number of effective alarms, referring to warnings  zos
issued prior to the first cloud-to-ground (CG) flash within a warning cycle. Conversely, -
FTW denotes the number of failures to warn, which occur when warnings are either issued 205
or absent after the first CG flash within a warning cycle. Additionally, FA signifies the 206
number of false alarms, indicating the absence of a CG flash during a warning cycle. Lastly, -
time;» and time; correspond to the time of the first CG flash as detected by the Guangdong- 208
Hong Kong-Macau Lightning Location System (GHMLLS), and the warning time provided 200
by the AEF-based lightning risk warning method, respectively. 210

o
1Y

o

7

4.3. Results and Analysis 211

We evaluated the lightning risk warning method proposed in this paper using AEF = 212
data with 83 lightning events, employing the evaluation metrics in Section 4.2. In addition, =213
using 123 days of AEF data for non-lightning events, we employed POD to evaluate the 21
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performance of the lightning risk warning method for non-lightning events. The statistical =215
results are presented in Table 3. 216

Table 3. Statistics on the performance of different lightning risk warning methods.

Lightning Non-lightning
Method
POD MAR FAR CSI  WLT/min POD
EFAI [28] 18.07% 81.93% 80.52% 0.11 19.19 42.61%
EFDI [28] 91.57% 8.43% 60.00% 0.38 32.48 80.00%
Lu[13] 18.07% 81.93% 70.59% 0.13 10.04 98.26%
We proposed  77.11% 22.89% 40.19% 0.51 22.27 90.24%

In Table 3, we compare our proposed method with previous studies in the literature 217
[13,28]. It was found that the EFDI method had the highest Probability of Detection (POD)  z1e
during lightning events, but its False Alarm Rate (FAR) reached 60.00%, indicating low  21e
reliability [29]. Lu’s method had the highest POD of 98.26% during non-lightning events, 220
but it performed poorly with a POD of 18.07% during lightning events and failed to meet 22
the warning goal. Our proposed method achieved the lowest FAR (40.19%) and highest 2z
Critical Success Index (CSI) (0.51) among the four methods during lightning events, while 223
maintaining a reasonable POD. Additionally, our method also had a high POD (90.24%) 224
during non-lightning events, although it was lower than that of Lu’s method. We also 225
visualized the warning lead time of the warning methods in this paper (Fig.9), and it can  22e
be seen that the warning lead times are mostly within the range of 0 to 20 minutes. 227

T T T T T T T T

Warning lead time(minute)

0 5 10 15 20 25 30 35 40 45
Number of detection

Figure 9. The distribution of warning lead time.

5. Discussions and conclusions 228

Lightning risk warnings play a crucial role in safeguarding critical infrastructure, 220
sensitive equipment, and various facilities from the impact of lightning strikes. In this =230
paper, we propose a lightning risk warning method specifically tailored for the Guangzhou 2
Tower in China, which is capable of automatically deactivating for a set period following a 232

lightning event. The key contributions of this study can be summarized as follows: 233
(1) We introduced the EEWT-ASG and morpho-based global trend calculation methods, 234
specifically designed for lightning warning scenarios. 235
(2) Employing Wavelet Transform (WT), we conducted a statistical analysis of the time- =236
frequency spectral characteristics for both lightning and non-lightning events. 237
(3) We proposed a lightning risk warning method that utilizes features from both time and ~ 23s
frequency domains. 230

In this paper, we analyze the time-frequency spectral characteristics of lightning and 240
non-lightning events in Section 3. Building on the results from Section 3, we create a 24
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lightning risk warning method in Section 4, using both techniques described in Section 2.  za2
Additionally, we provide an evaluation of this risk warning method. Table 1 demonstrates  2as
that |[ABayg| and STD can effectively distinguish between lightning and non-lightning 24
events, making them suitable for use as warning features. 245

For de-warning, we observe similar energy magnitudes in the AEF signal at both 246
warning and de-warning moments (Fig.6), which is supported by the energy difference 2
statistics presented in Table 2. This finding reinforces our hypothesis that, as lightning 24
develops, the AEF signal energy progressively concentrates in the high-frequency band 24
and eventually returns to its pre-lightning value when the lightning process concludes. 250

Moreover, when calculating the AEF signal energy, we exclude the low-frequency zs:
components due to the presence of slow fluctuations (i.e., low-frequency signals) in the =zs:
AEF during non-lightning events, which are considered as interference. To enhance the 25
universality of the method, we also incorporated the calculation of one-dimensional mor-  2ss
phological global trends into the warning method, reducing the reliance on thresholds. 285

From Table 2, we can observe that the ranges of Dif f;vg and Dif frlnax decrease after 2se
denoising. This reduction in range enables the threshold to be triggered more efficiently s
for de-warning, indicating that denoising has a positive impact on lightning warning. 2ss
When comparing the performance of CEEMDAN-SG and EEWT-ASG in terms of energy  =so
features, we can see that both methods yield similar results (Table 2). However, their =ze0
theoretical foundations differ: CEEMDAN is based on an iterative approach, while EEWT  ze
relies on mathematical spectrum segmentation. Consequently, EEWT-ASG achieves a faster e
processing speed than CEEMDAN-SG. 263

We evaluated the time required to process a 20-minute AEF signal using the two  zes
filters mentioned above, and the results demonstrated that EEWT-ASG can complete the zes
smoothing operation more quickly (121.1 seconds for CEEMDAN-SG and 5.8 seconds for  zes
EEWT-ASG). Thus, EEWT-ASG is more suitable for lightning warning scenarios. 267

However, the proposed method has certain limitations that must be addressed. Firstly, zes
it does not incorporate a function for classifying lightning risks and issuing warnings. zes
Secondly, it is necessary to reduce the false alarm rate (FAR) further. Finally, as the AEFM is 270
a passive detection device, it lacks positional information, which can result in some errors 27
in the warnings issued. To overcome these limitations, we are considering incorporating 272
radar information or multiple AEFM networks into the current setup to obtain the location 27
information of thunderstorm cloud clusters, which can be used for their localization and 274
lightning risk warning.Additionally, we plan to conduct a thorough study of the thresholds 275
that have been set(equations (5), (13)), based on the AEF data collected in this paper, in 27
order to further improve the proposed method. 277
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