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1 | INTRODUCTION

Lightning is a threatening weather extreme that poses a
serious challenge for human lives and resources. This can
trigger wildfires, disrupt air traffic and cause serious
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Abstract

Lightning is one of the most severe weather events causing significant loss of
human lives and resources. Increasing number of lightning fatalities due to
recent climatic changes is emerging out to be a serious concern for India dur-
ing last few years. Proper characterization and parameterization of the same,
therefore, is extremely crucial. However, lightning is an extremely dynamic
phenomenon having enormous spatio-temporal inhomogeneity especially over
such a vast country like India with varied topographic and climatological fea-
tures. Therefore, proper parameterization of lightning activity over India needs
consideration of different lightning climatologies. This study has attempted to
resolve the issue by regionalizing Indian subcontinent in different lightning
climatologies based on lightning density and associated atmospheric variables
that is, CAPE, specific humidity at different pressure levels, temperature, k
index and cloud particle size and identified seven distinct lightning climatol-
ogies over India. A regression model is proposed for estimating the annual and
seasonal (monsoon and pre-monsoon) lightning activities over the seven
resulting lightning zones based on the said atmospheric variables using
machine learning techniques. Four machine learning models have been tested
among which Random forest has shown the best accuracy. The regression
model has shown an R-squared score of 0.81 during monsoon season and 0.71
during the pre-monsoon. The atmospheric features based on their influences
on the lightning activity in these seven climatologies has been ranked which
presented the evidences of largely varied interplay between different atmo-
spheric variables and lightning over different parts of the country and during
different seasons.

KEYWORDS
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fatalities by power surges. Accurate and timely prediction
of such phenomena is crucial in real time applications of
sectors like aviation (Price and Rind, 1994; De
et al., 2005). Lightning activities can also act as a tool for
the prediction and modelling of convective systems
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(Saylor et al., 2005; Sun et al., 2019; Chatterjee and
Das, 2020). Studies to characterize the lightning features
and its relation to different atmospheric variables, how-
ever, still needs research attention (Price, 2008).

The prediction of short scale weather events like
lightning, rainfall etc. have been attempted all over the
globe since last few decades. The scientific basis and bet-
ter feasibility of such predictions over tropics was
explained by Charney and Shukla (1981). The work pio-
neered the seasonal prediction of Indian summer mon-
soon. The coupled ocean-atmosphere processes are
extremely crucial in such predictions (Wang et al., 2005).
Elsner and Widen, 2014 presented a model based on
Bayesian formulation to predict the number of tornados
over Central great plains during the months of April-
June using the sea surface temperature (SST) data of
February from the Gulf of Alaska and the western Carib-
bean Sea (WCA). Dowdy (2016) has studied the influence
of large scale atmospheric variability and reported stron-
gest correspondence between ENSO and lightning activi-
ties. Both the large and short scale climatic drivers were
reported to have visible impact on lightning over north
western Venezuela which happens to have the highest
annual lightning rate (Munoz et al., 2016). Particularly
over lightning hot-spots like India, the lightning activity
has been reported to be very well predictable by slowly
varying global predictors (Mallick et al., 2022).

The strong association between charge separation in
the cloud and collisions of hydometeors has facilitated
for numerical parameterization of lightning activities
based on hydrometeor properties (Takahashi, 1978).
Numerical weather prediction models to predict lightning
activities provided a major breakthrough. Price and Rind
(1994) proposed a formulation for estimating both total
and cloud-to-ground lightning flash rates over land and
ocean based on the convective cloud-top heights. Later,
Boccippio (2002) proposed revised parameterizations,
based on cloud top height to account for the underesti-
mation in lightning flash density over sea by the previous
model. A more elaborated parameterization was pro-
posed by Grewe et al. (2001) based on cloud-top height
and convective mass flux diagnosed by the ECHAM4
global circulation model. Magnitude of Convective Avail-
able Potential Energy (CAPE) helps in the updraft and
vertical distribution of hydrometeors helps in the charge
generation process in a thundercloud (Williams, 1989).
Romps et al. (2018) parameterized the lightning trend
over the United States based on precipitation and convec-
tive available potential energy. Aerosol content in a cloud
system has been reported to have a crucial role in light-
ning severity (e.g. Williams and Stanfill, 2002; Mansell
and Ziegler, 2013; Stolz et al., 2015). A simple parameteri-
zation of lightning activities were proposed by McCaul

Jr. et al. (2009) depending only on the content of hydro-
meteors. A new parameterization, in the similar line has
been proposed to express the lightning densities as a
function of short scale variability like hydrometeors con-
tents, CAPE, and cloud-base height (Lopez, 2016).

India receives significant amount of lightning strikes
having the ITCZ (Inter-Tropical Convergence Zone) pass-
ing through the central part of the country (Tinmaker
and Chate, 2013). Several studies have successfully
attempted the forecast and parameterization of lightning
activities over Indian region (Chaudhary et al., 2021;
Rajeevan et al., 2012; Madhulata et al., 2013). Maximum
surface air temperature seemed to correspond directly
with flash rate density (Tinmaker and Chate, 2013).
CAPE seemed to have a similar impact on lightning
strikes over the north-eastern India and Indo-Gangetic
basin (IGB) region (Saha et al., 2017). The correlation
between upper tropospheric specific humidity and light-
ning strikes has been reported to be significant whereas,
the boundary layer and surface specific humidity are also
seemed to be closely linked with convection and light-
ning activity over IGB and central and eastern part of
Indian subcontinent. Upper tropospheric humidity seems
to have a strong association with lightning activity over
north-eastern and north-western arc of the Himalayas as
well (Saha et al., 2017). Mohan et al., 2021 evaluated the
simulation of lightning flash counts based on different
lightning parameterization schemes over Maharashtra,
India. The offline diagnostic methods of lightning flash
estimation using model generated storm parameters were
also assessed. Price and Rind (1992) based on cloud top
height and vertically integrated ice water path reported
excellent accuracy in recreating the spatial lightning pat-
tern. Vani et al., 2022 evaluated lightning parameteriza-
tion based on cloud top height defined by reflectivity
threshold for 16 pre-monsoon storms over Maharashtra.
The study reported a false alarm ratio of 0.28, 0.25, 0.29,
0.26 from WSM6, Thompson, Morrison and WDM6
parameterizations respectively. Notable over-estimation
in lightning flash was also reported with spatial and tem-
poral shift.

Even though significant work have been carried out
on parameterization of lightning activities, the complex-
ity of the process and use of large number of data features
makes machine learning, an excellent alternative to the
conventional techniques. The large amount of data flow
in atmospheric science, demands the use of data driven
approaches. Various machine learning algorithms can
make the computers learn skills from sets of recorded
atmospheric data and to apply it on a new set of data.
The forecaster have amalgamated atmospheric science
with machine learning in order to improve the prediction
of various weather phenomena at varied scales. It is
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evident that, the human-computer mix that is, the assimi-
lation of physical understanding of atmospheric processes
and machine learning algorithms in place of human
entered principals can be of great help in atmospheric
science. Recently, the ML based techniques have been
gaining high attention in NWP with several researchers
describing their advantages over the conventional stud-
ies. Manzato (2013) has developed a forecast model based
on neural network ensemble to predict the hail event
over North-eastern Italy. The successful use of machine
learning models to forecast the probability of hail storms
and the radar-estimated size distribution of hail showed
potential of ML in weather prediction (Gagne
et al., 2020). Herman and Schumacher (2018) presented
physical and statistical insight regarding regression and
tree-based models for extreme rainfall prediction. Mosta-
jabi et al. (2019) have reported potential of basic atmo-
spheric datasets being used to find out the correlation
patterns between lightning incidence and atmospheric
data. A machine-learning-based model was proposed to
nowcast the lightning over a specific region 30 min in
advance, based on four meteorological parameters
namely air pressure, air temperature 2 m above ground,
relative humidity and wind speed.

However, successful parameterization of lightning
activities over a large region, seeks serious consideration
of spatial variation as the local topography and associated
climatic factors differs largely over different regions.
Besides, the relationships among different atmospheric
parameters are not essentially unique, particularly if a
large geographic area is considered. Therefore, proper
identification of homogenous lightning regions is a vital
step in this process. This is especially true for a country
like India with such enormous topographic and climatic
diversity (Williams and Stanfill, 2002; Tinmaker and
Chate, 2013; Murugavel et al., 2014). The effects of recent
climatic changes are evident on the global lightning
activities. However, the susceptibility of different regions
to it, will vary because of the inhomogeneity of the pro-
cess (Collier et al., 2013).

This study aims to regionalize India in different light-
ing climatologies. It focuses on developing a regression
model for estimating the annual and seasonal (monsoon
and pre-monsoon) lightning activities in different light-
ning climatologies existing over India based on various
atmospheric parameters, namely specific humidity at
four different pressure levels, Convective Available
Potential Energy (CAPE), air temperature (2 m above the
surface), K-index, cloud ice particle size and cloud liquid
particle size. The current study also aims to provide a
ranking of different atmospheric features based on their
influences on the lightning activity over different light-
ning climatologies during monsoon and pre-monsoon.

2 | DATA AND METHODOLOGY

2.1 | Data

The monthly statistics of the lightning strikes and atmo-
spheric variables that is, specific humidity, Convective
Available Potential Energy (CAPE), air temperature
above 2 m from the surface, k-index, cloud ice particle
size and cloud liquid particle size for the period of
January 2003 to December 2013 have been used for this
study.

Lightning data were obtained from lightning imag-
ing sensor (LIS). It is a space-based instrument which
is used to detect both cloud to ground and cloud to
cloud lightning strikes. It also measures the amount,
rate, and radiant energy of lightning during both day
and night. The mission, therefore, facilitates for under-
standing the global lightning activities and thunder-
storm climatology. The study used LIS/OTD Monthly
Climatology Time Series (LRMTS) dataset with a reso-
lution of 2.5°x2.5°(Cecil, 2006). Specific humidity at four
different pressure levels (300 mbar, 500 mbar, 850 mbar,
1,000 mbar), CAPE, temperature (2 m above the surface)
and k-index data were obtained from ERAS5 monthly data
product (Hersbach et al., 2019). Cloud particle size data
has been procured from MODIS level 3 (Aqua/Terra)
monthly dataset at a spatial resolution of 1°x1° (Webb et
al., 2017).

2.2 | Methodology

221 | Pre-processing of data

The datasets for different variables considered are of dif-
ferent spatial resolutions. ERA5 reanalysis datasets have
a resolution of 0.25°x0.25°, LRMTS lightning dataset is
2.5°%2.5° gridded data whereas; MODIS dataset has
1°x1° spatial resolution. All these datasets were interpo-
lated to a resolution of 1.5°x1.5° using linear interpola-
tion method for grid matching purpose. The consistency
of original and re-sampled data was ascertained for exam-
ple, Figures la,b and 2a,b show the distribution of one
down-sampled and one up-sampled data. Even though
up sampling has to be done in lightning measurements,
it is evident that the distributions before and after the
interpolation are consistent. Missing data imputation has
been done by K-nearest neighbours (KNN) imputation
method wusing scikit-learn (Pedregosa et al., 2011)
method. This method is based on KNN approach which
fills the missing values with the weighted average of five
nearest neighbours. The nearest neighbour computation
is done using nan-Euclidean distance metric.
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FIGURE 1
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2.2.2 | Identification of lightning
climatologies

Parameterization of such a dynamic weather phenome-
non like lightning needs proper identification of different
lightning climatologies existing over different parts of the
country. The entire dataset have been divided into two
time periods that is, 2003-2011 and 2012-2013. The
regionalization of lightning climatologies has been car-
ried out using the first portion of data. The regionaliza-
tion was performed based on lightning density along
with all the atmospheric variable using K-means
(Hartigan and Wong, 1979) clustering algorithm. Here,
K-means (mentioned in details in Appendix S1) was
attempted for its simplicity and efficient generalization
capability to clusters of any shape and size which is
important for handling natural data. The feature set was
normalized before clustering to avoid computational
disproportion.

2.2.3 | Regression models for estimation of
lightning activities

Four machine learning based regression models, that is,
Ridge regression (Hoerl and Kennard, 1970), Lasso

Lightning density (flash-km™2-day™)

Distribution of lightning density (flash-km™>day™") (a) before and (b) after the interpolation [Colour figure can be viewed at

regression (Santosa and Symes, 1986), Decision tree
(Gladwin, 1989) and Random forest (Breiman, 2001) have
been tested here for estimation of lightning activities
(details of the models are mentioned in Appendix S1). As
mentioned above, the entire dataset has been divided in
two time periods that is, 2003-2011 and 2012-2013.
Regression model has been developed using the first
period of data as training set whereas; the second period
of data has been used as test set. Total number of data
points in the training and test set were 47,628 and 10,584
respectively. Here, all the above mentioned atmospheric
variables along with the cluster and month information
have been used as predictors. Each time the one hot
encoding was used on categorical variables (month and
cluster), the first column of both encoded categorical var-
iables were dropped to avoid a dummy variable trap. One
hot encoding was performed for month and cluster infor-
mation. Data with degree 3 polynomial features have
been provided as an input to the models.

The performances of the models were evaluated using
R-squared scores as a metric. The hyper-parameter tun-
ing has been done using ninefold cross-validation for
each of the models where each fold contains a single year
of data. The hyper-parameters providing the best mean
score in this case were selected as the best set of hyper-
parameters.
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FIGURE 3 Spatial distribution of average (a) atmospheric temperature (K), (b) CAPE (J-kg™"), (c) specific humidity (at 300 hpa)
(kg-kg™") and (d) number of lightning flash (flash-km-day ") over the Indian subcontinent during the year 2003-2014 [Colour figure can

be viewed at wileyonlinelibrary.com]

2.24 | Feature ranking to understand the
atmospheric influence on lightning activities

The predictive features that is, atmospheric variables
have been ranked in order of their influence on lightning
activities in each of the clusters separately during mon-
soon and pre-monsoon. Pearson correlation was used for
this purpose to understand the association between each
of the atmospheric parameter and lightning density over
different clusters.

3 | RESULTS

The spatial distributions of some key predictors for light-
ning activities over the country were studied at first to

30°N

20°N |

10°N

70°E 80°E 90°E

FIGURE 4  Clusters over Indian subcontinent based on lightning
activities [Colour figure can be viewed at wileyonlinelibrary.com]

85UB0|7 SUOWIWIOD 381D 3|dealidde auy Ag pauienob ae Sspoie YO ‘8sN JO s3I 10} A%iq1 T 8UIIUO AB|IAN UO (SUOIPUOD-PUR-SLLBY/LICD" A3 | 1M Ae1q U UO//SANY) SUORIPUOD pUe SWB | 8L 88S *[9202/50/50] U0 Areiqiauliuo A8]im ‘8.10pu ABojouyde | Jo aiminsu| Leipu| A S008°901/200T 0T/I0p/w0o A8 | Ake.q 1 jpuluo'Siew//Sdny Wouy papeojumod ‘9 ‘€202 ‘8800L60T


http://wileyonlinelibrary.com
http://wileyonlinelibrary.com

CHATTERIEE ET AL.
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have an idea about the general climatologies existing over
different parts of the country.

The average atmospheric temperature seemed to be
low over the Himalayan region with slightly higher values
over the Western Ghats. These parts are notably distinct in
temperature from the rest of the Indian subcontinent
(Figure 3a). The southern and western India seemed to be
hotter than the northern and specially the eastern regions.
High values of CAPE were noticed in the north-eastern
and coastal part of the country whereas; the western part
seems to have a little lower value (Figure 3b). Murugavel
et al. (2014) also reported similar distribution. The spe-
cific humidity over Indian subcontinent showed a con-
tinuous increase from the north-western parts towards
the south-eastern portions (Figure 3c). Highest lightning
activities were observed in the Himalayan and north-
eastern regions (Figure 3d) which finds good agreement
with previous studies (Unnikrishnan et al. 2021). The
western parts seemed to have a lesser lightning density
than the rest of the subcontinent.

The above spatial inhomogeneity observed in light-
ning strikes and the associated atmospheric catalysts
implicates the requirement of identifying different light-
ning climatologies over the country.

The clustering process has divided India in seven dif-
ferent clusters (Figure 4). The neighbouring pixels indi-
cated in similar colour identify a single cluster. It is
evident that all the clusters are distinctly separable. The
clusters are represented as C0-C6 for easy interpretabil-
ity. The number and consistency of the clusters have
been verified with Elbow method (Figure 5).

The distributions of the features have been studied
next to confirm the separability of the atmospheric vari-
ables in different clusters (Figure 6). The distribution of
the variables in all the seven clusters showed visible differ-
ences which finds good agreement with the consistency of
the clustering process indicated by Elbow method.

Number of clusters

For example, distribution of specific humidity at
850 mbar is unimodal for clusters 1 and 6 where cluster
6 showed much larger values. On the other hand, for
cluster 2 the distribution is bimodal. Distributions for
clusters 3 and 5 are left skewed and unimodal with domi-
nance of larger values in cluster 5.

Table 1 depicts the performance of each fold (year) in
the ninefold cross validation for each four algorithms
used. Random forest showed the best mean score
although in some of the folds Ridge or Lasso regression
showed better results. Decision Tree, however, seemed to
under-perform in this case. The R-squared scores for indi-
vidual ML models are presented for the test set in
Table 2.

Random forest regression showed the best R-squared
score on the test set that is, 0.81, whereas; decision tree
showed the lowest R-squared score of 0.71. Therefore,
estimation of lightning density was carried out using the
best performing algorithm that is, Random forest. The
model uncertainty has been investigated within 95% con-
fidence level to have an idea of the stability in prediction.
The uncertainty interval on R-squared score was found to
be 0.80 + 0.01.

The prediction model has been tested with the monthly
lightning data of 2012-2013. Figures 7 and 8a-g present a
comparison between actual and estimated lightning density
in each of the clusters formed during the months of the two
test years that is, 2012 and 2013 respectively. Good match-
ing was observed in all the clusters except cluster 3 in 2012
(Figure 7a-g). In the year 2013, the actual and calculated
lightning density showed good match in clusters 1 and
2 whereas; it was decent in clusters 5 and 6. The perfor-
mance accuracy was medium in clusters 0 and 4.

The time series of the comparison between the actual
and predicted values are studied further to investigate
whether there is any seasonal bias in the model perfor-
mance (Figure 9a-g).
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The model estimated the lightning activities signifi-
cantly well in cluster 0 throughout the time range except
April-June in the year 2013 (Figure 9a). The model
under-performed during the pre-monsoon months over
the regions of cluster 1 (Figure 9b) whereas; significant
good match between estimated and actual values were
observed in clusters 2, 3, 5 and 6 (Figure 9c,d.f,g)
throughout the time range. Performance of the model
was decent in cluster 4 except little deviation during pre-
monsoon (Figure 9e). This seasonal impact on model

Distribution of various atmospheric features in different clusters [Colour figure can be viewed at wileyonlinelibrary.com]

performance pointed towards the need of studying the
model performance separately during the two most light-
ning prone seasons in India that is, pre-monsoon and
monsoon. The spatial distribution of the estimated and
actual lightning values retrieved from LIS have been
compared to have a look at the performance variability of
the model at annual and seasonal (monsoon and pre-
monsoon) scale. Figure 10a shows the estimated annual
lightning density. It is evident from the LIS retrieved
(Figure 10b) values that spatial pattern of the lightning
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TABLE 1 Hyper-parameters and performance of the regression models

R-squared score of each fold (year)

Standard
ML algorithm Best hyper-parameter 2003 2004 2005 2006 2007 2008 2009 2010 2011 Mean score deviation

Ridge Alpha: 10 085 083 081 085 0.83 0.83 080 0.73 083 0.82 0.03

Lasso Alpha: 1 e-07 085 082 08 083 0.82 081 079 074 082 0381 0.03

Decision tree Max depth: 22 077 070 068 072 0.74 0.75 0.71 0.68 0.78 0.72 0.03
Min samples split: 55

Random forest  n estimators: 600 0.84 084 08 087 084 084 08 0.73 0.85 0.83 0.04

Max. Depth: 27
Min samples split: 5
Max. Samples: 0.9

TABLE 2 Performance of different regression models
Models R-squared score
Ridge regression 0.79
Lasso regression 0.79
Decision tree 0.71
Random Forest 0.81

density were well captured by the model. However, there
was some underestimation of values in very high light-
ning zones that is, in North-eastern and Northern
Himalayan part.

The lightning density during monsoon is very high
over Northern Himalayan region (Figure 11a). The model
identified the spatial pattern including the very high
lightning zone in northern Himalayan. The central por-
tion of this region, however, showed little lower lightning
density than in actual data (Figure 11b). Pre-monsoon
also showed similar performance with little underestima-
tion of values in North-eastern region (Figure 12a,b).

The model under-performed in regions of very high
lightning density both at seasonal and annual scale
(Figures 10-12) but the relative spatial pattern of light-
ning is captured successfully.

The mean and variability of actual and estimated
lightning density in each of the clusters showed good
matching (Table 3).

3.1 | Atmospheric variables and their
degree of influence on lightning activities
over different climatologies during
monsoon and pre-monsoon season

Several researchers have revealed the dependence of
lightning activities on atmospheric variable like CAPE,
specific humidity and temperature (Williams, 1995;
Saha et al., 2017). But, the degree of dependence has
been reported to vary widely in different spatial scales

(Dewan et al., 2017). Therefore, this study has attempted
to rank the above mentioned atmospheric variables based
on their influences on lightning activities in different
lightning climatologies derived over the country based on
Pearson correlation (Figure 13a-n). The Eastern coast of
India belongs to cluster 0. The region (Figure 13a)
reported strong correlation of CAPE and surface temper-
ature with lightning activities during monsoon whereas;
during pre-monsoon specific humidity at 850 mbar and
cloud ice particle size were identified as major influential
factors for lightning (Figure 13b). Murugavel et al., 2014
reported strong correlation between CAPE and lightning
activities during monsoon. Lightning is not controlled
alone by CAPE over Indian region during pre-monsoon
whereas; it plays a major role in monsoon convection.
During pre-monsoon other factor like moisture availabil-
ity and orographic nature plays crucial role (Murugavel
et al., 2014) which finds good agreement with the results.
Cluster 1 (Figure 13c,d) covering the Tibetan plateau
showed best correlation between specific humidity at
1,000 and 850 mbar and lightning strikes during both the
season which supports the previously reported results
over this region (Li et al., 2020). The presence of moun-
tain chains is crucial in convection forming processes
over this part than the influence of CAPE. The central
and north-western region (cluster 2) also showed good
association of CAPE and cloud particle size with light-
ning activities during monsoon region (Figure 13e). The
pre-monsoon lightning is observed to be well correlated
with k-index and specific humidity at 300 mbar
(Figure 13f). During pre-monsoon these regions main-
tains a very high temperature and in spite of low CAPE
value over central and northern India, lightning is
observed to be high over these regions compared to
coastal regions where CAPE is observed to be higher.
So, CAPE is not the sole cause of lightning over these
regions during pre-monsoon (Murugavel et al., 2014).
Cluster 3 covers the lower part of Indian Ocean.
Figure 13h showed good association between CAPE and
lightning activities over this region during pre-monsoon.
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FIGURE 7 The comparison between actual and predicted lightning density (flash-km™2.day™") in the seven clusters estimated by

random forest model for the months in 2012 [Colour figure can be viewed at wileyonlinelibrary.com]

November to April is the convectively active season in
Indian Ocean. Lightning in tropical storms is nearly

muted over the ocean when CAPE is small. In the high-
CAPE areas, on the other hand, oceanic storms can

85UB0|7 SUOWIWIOD 381D 3|dealidde auy Ag pauienob ae Sspoie YO ‘8sN JO s3I 10} A%iq1 T 8UIIUO AB|IAN UO (SUOIPUOD-PUR-SLLBY/LICD" A3 | 1M Ae1q U UO//SANY) SUORIPUOD pUe SWB | 8L 88S *[9202/50/50] U0 Areiqiauliuo A8]im ‘8.10pu ABojouyde | Jo aiminsu| Leipu| A S008°901/200T 0T/I0p/w0o A8 | Ake.q 1 jpuluo'Siew//Sdny Wouy papeojumod ‘9 ‘€202 ‘8800L60T


http://wileyonlinelibrary.com

CHATTERJEE ET AL. International Journal 2871
of Climatology
Cluster wise actual vs predicted value scatter plot, year: 2013
scatter plot of cluster:0 scatter plot of cluster:1
0.08
0.12
0.07
0.10 0.06
w @
=0.08 =2 0.05
© ©
> >
g € 0.04
£ 0.06 £
2 2 0.03
20.04 s
0.02
0.02 Y=0.85X+0.00
Y=0.62X+0.01 0.01
0.00 0.00
0.000 0.038 0.076 0.114 0.152 0.190 0.000 0.038 0.076 0.114 0.152 0.190
actual value actual value
scatter plot of cluster:2 scatter plot of cluster:3
0.14 0.04
0.12
$o0.10 $0.03
© ©
> >
E 0.08 E
° S
T 0.06 g 0.02
s s
0.04
0.01 ¥=0.66X+0.01
0.02
Y=0.79X+0.01
0.00
0.000 0.038 0.076 0.114 0.152 0.190 0.000 0.038 0.076 0.114 0.152 0.190
actual value actual value
scatter plot of cluster:4 scatter plot of cluster:5
0.07
0.04 0.06
0.05
20.03 g
S S 0.04
el kel
2 2
Lo0.02 £ 0.03
4 @
= =
4 0.02
0.011 % ¥=0.68X+0.00
0.01 ¥=0.74X+0.00
0.00 0.00
0.000 0.038 0.076 0.114 0.152 0.190 0.000 0.038 0.076 0.114 0.152 0.190
actual value actual value
scatter plot of cluster:6
0.14
0.12
0.10
@
E]
 0.08
=l
s
]
£ 0.06
o
Q
0.04
0.02
SACI Y=0.76X+0.01
0.00] #*
0.000 0.038 0.076 0.114 0.152 0.190

actual value

FIGURE 8 The comparison between actual and predicted lightning density (flash-km™2-day™") in the seven clusters estimated by
random forest model for the months in 2013 [Colour figure can be viewed at wileyonlinelibrary.com|
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result into as many lightning flashes as land storms
(Cheng et al., 2021). During, JJAS, lightning over this
regions showed greater dependence on cloud particle
size and specific humidity at 850 mbar (Figure 13g). The

FIGURE 10 Spatial
distribution of annual lightning
density (flash-km™>.day™") over
Indian region (a) estimated and
(b) LIS retrieved actual value
[Colour figure can be viewed at
wileyonlinelibrary.com]

70°E 80°E 90°E

lightning activity over Arabian sea (cluster 4) seemed to
be strongly correlated with the specific humidity at dif-
ferent pressure levels and thermal instability indicated
by k-index during both the seasons (Figure 13i,j). This
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FIGURE 11  Spatial (a) (b)
distribution of monsoon
lightning density
(flash-km™2.day™") over Indian 30°N | 30°N
region (a) estimated and (b) LIS
retrieved actual value [Colour
figure can be viewed at
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FIGURE 12 Spatial (a) 0.1 (b)
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TABLE 3 Actual and predicted mean and variability of lightning density in different clusters

Annual Monsoon Pre-monsoon

Actual Estimated Actual Estimated Actual Estimated

Mean Std. Mean Std. Mean Std. Mean Std. Mean Std. Mean Std.
Cco 0.07 0.02 0.07 0.01 0.09 0.03 0.08 0.01 0.13 0.05 0.12 0.03
Cl 0.02 0.01 0.03 0.01 0.04 0.02 0.04 0.01 0.03 0.03 0.04 0.02
C2 0.08 0.03 0.08 0.02 0.12 0.06 0.12 0.04 0.11 0.04 0.14 0.01
C3 0.03 0.01 0.03 0.01 0.02 0.01 0.03 0.01 0.05 0.02 0.05 0.01
Cc4 0.02 0.01 0.02 0.01 0.03 0.02 0.03 0.01 0.02 0.02 0.02 0.01
C5 0.03 0.02 0.03 0.01 0.04 0.02 0.04 0.02 0.05 0.03 0.05 0.02
C6 0.08 0.04 0.07 0.02 0.13 0.07 0.14 0.05 0.10 0.05 0.07 0.02

supports the previous reporting of lightning over this
area being majorly controlled by temperature induced
effects (Qie et al. 2020). Cluster 5 majorly covers south-
ern Indian region along with some portion of Arabian
sea and Bay of Bengal. It is well observed that moisture
content is strongly correlated with lightning activity

over these regions of southern India (Murugavel
et al., 2014). Figure 13k-1 supports the previous findings
during both the seasons. Some parts of Pakistan belong
to cluster 6. This region showed good correlation
between specific humidity at 850 and 1,000 mbar and
lightning activities during pre-monsoon season
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FIGURE 13 Rank of features for the seven clusters. Absolute value of Pearson coefficient used for ranking. The white filled dot
represents negative correlation [Colour figure can be viewed at wileyonlinelibrary.com]

(Figure 13n). CAPE, however, did not show any strong On the contrary, both CAPE and humidity seemed to be
influence during pre-monsoon probably because of the  well-correlated with lightning activity in this region
convective inhibition in this region (Ahmad et al., 2019). during monsoon (Figure 13m). It is to be noted here,
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the absolute values have been presented here to
emphasize on the degree of correlation for ranking and
not on the nature. However, the information on the
nature of the correlation has also been preserved in the
figures.

4 | DISCUSSION

The current study is a novel approach presented for esti-
mating lightning density using an ML based regression
model for the entire Indian region. The model has used
easily available satellite retrieved parameters. It groups
the Indian region in seven lightning zones which infor-
mation has been used further in the prediction model
developed. The use of satellite data makes this approach
flexible to be used over any geographic area of interest.
However, on the other hand, it limits the time length of
data. The study uses very simple machine learning
regression models without any computational complex-
ity. The accuracy achieved by the proposed model is
decent. The model performed better during monsoon (R-
squared score = 0.81) than in pre-monsoon (R-squared
score = 0.71) probably because of its limitation in predict-
ing very high values. The spatial comparison between
predicted and actual lightning density shows some
under-prediction in areas of very high lightning values

whereas; it was good in areas of low to moderately high
lightning activity. The study attempts to implement a
simple lightning prediction model with a special focus on
Indian region with available resources. The lightning
data used here is obtained from LIS satellite at a spatial
resolution of 2.5° x 2.5° which was interpolated to a
1.5° X 1.5° gridding. Even though the said process can
bring in some under-estimation, the originality of the
approach can be useful in the field of lightning predic-
tion. The future aim of this study is to implement the
method using ground based lightning data with longer
and finer measurements. This can also facilitate for dis-
trict level forecast of lightning over India which is cur-
rently not achievable by the model. However, for highly
accurate real-time forecast a hybrid approach combining
dynamical and machine learning techniques is required.
Such models have gained high popularity in recent past
for their accuracy and interpretability at the same time,
that is, performance without being confined within the
black box of ML (Johari et al., 2009; Silva et al., 2022).
Studies (Lynn and Yair, 2010) have reported good pros-
pects of WRF coupled models for accurate real-time fore-
cast of lightning activities for example, Vani et al., 2022
proposed a model with a POD of 0.90 and FAR of 0.64.
The proposed model attempts to device a single model
for the first time over entire Indian region. Even though
the current form is not a complete structure to be used in
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real-time operational forecast of lightning, such ML
based approaches, when used with WRF outputs can
serve as an excellent hybrid technique towards the real-
time lightning forecast goal. Besides, the use of ML pro-
vides the flexibility of transfer learning that is, the model
can also be used with slightly changed input structure
when needed. Therefore, using a sub-set of predictive fea-
tures (available) in real time operational purpose should
not destroy the originality of the approach. Accurate
hybrid predictive modelling that is, combining ML with
dynamic approaches can be crucial for a country loosing
almost ~2,500-3,000 lives/year due to lightning (ncrb.
gov.in).

5 | CONCLUSION

This study has proposed an ML based regression model
to estimate lightning density over the entire Indian
region. The country has been regionalized based on
lightning and associated atmospheric variables and this
information has been further utilized in the prediction
to realize a single model for this estimating lightning
over such a vast geographic area. Four simple ML
regression models were tested among which random
forest has shown the best performance. However the
model shown better accuracy during monsoon
(R-squared score = 0.81) than that in pre-monsoon
(R-squared score = 0.71). The accuracy provided by the
model was decent but it under-performed in case of very
high values. The study attempted this problem with a
special focus on Indian region with available resources
of satellite data. Authors believe the simple ML based
approach presented in this study can be very useful in
successful prediction of lightning density especially
from Indian point of view. Authors aim to implement
this approach with deeper and more sophisticated ML
models using ground lightning measurements with bet-
ter temporal and spatial resolution in near future.
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