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ABSTRACT

Increasing lightning fatalities over India is a concerning subject. Especially, it is pretty crucial over North-Eastern
part of the country where lightning is extremely frequent. Given the complex nature of the problem, machine
learning can be an excellent option in such forecasting scenarios. However, such dynamic processes seek proper
transparency of the model. The current work attempts to devise a model for short range prediction (one month
ahead) of lightning density based on primary atmospheric parameters from satellite data with a lead time of one
month over North —Eastern and Eastern part of the country. Random Forest regression seems to outperform other
models explored, with a R? of 0.86 and an MAE of 0.0071. The interpretation of the model output using SHAP
index reveals that 2 m temperature at previous two months and CAPE and K-index at previous month has a
positive impact on the output of the model whereas, instantaneous surface heat flux of previous month and two
month prior K-index has an inhibiting effect on model’s output. The use of machine learning techniques for
atmospheric predictions without the shed of the black box can be of importance to the scientific community.
Such studies especially over lightning prone tropical regions can be crucial in meteorological forecasting

applications.

1. Introduction

Increased lightning fatalities are one of the most serious concerns,
India is currently dealing with. Timely prediction of lightning activities
is therefore of crucial interest in today’s scenario. Even though the nu-
merical parameterization of lightning is quite a few decades old concept
now, the history of lightning prediction over India is not very long.
Moreover, given the enormous topographic diversity offered by India, it
is difficult to forecast such a dynamic weather variable precisely over
different parts of the nation.

Prediction of a thunderstorm is one of the most challenging task in
weather prediction, because of the small spatial and temporal span and
complexity. The process of lightning generation is believed to be
extremely dynamic and complex in nature. The conventional way of
predicting convective storm’s location was to have an extrapolation of
radar echoes (Wilson et al., 1998). Whenever, the prediction lead time
becomes large, a lot of uncertainties come in. The cause behind such
limitations lies in the genesis of lightning itself. The separation of

positive and negative charges is reported to be the foundation for
lightning activities (Deierling and Petersen, 2008). The deep convection
uplifts the water vapour which later condenses and forms various forms
of hydrometers with different sizes and shapes. The hydrometeors
collide with each other in their subsequent upward motion which gives
rise to charge on the particles (Reynolds et al., 1957; Takahashi, 1978).
Even though the interactions between hydrometeors are believed to be
the primary reason behind the initial charge build up, the association is
not that straightforward as several other factors like liquid water
amount and rate of riming can have their role in it. After this
non-inductive charging, an inductive generation may take place due to
the initial build-up of charge (Ziegler et al., 1991). It is to be noted that,
the inductive mechanism is again governed by the complex interplay
between processes like rebounding collision and presence of super
cooled drops in cloud. However, many other processes can play signif-
icant role in charge generation on crystals during condensation, evap-
oration or melting of ice. Reynolds et al., 1957 suggested through
laboratory experiment that graupel pellets acquire more charges if
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graupels grown by riming and collide with ice. Various researchers (e.g.,
Williams et al., 2002; Yuan et al., 2011; Mansel and Ziegler, 2013; Stolz
et al., 2015) have reported that aerosol density may increase the prob-
ability of lightning activities as it can act as a cloud condensation nuclei
capable of producing smaller cloud droplets. Even though Williams and
Stanfill, 2002 have proposed this “aerosol hypothesis’’ as the probable
reason behind lower lightning activity over oceans and the Amazon
region compared to central Africa, it requires more similar association
over other geographic region to be accepted as an inherent factor gov-
erning lightning process.

The numerical parameterization of lightning could have been real-
ized because of the connection between charge separation in the cloud
and collisions of hydrometeors (Takahashi 1978). Convective cloud top
heights were found to be a crucial precursor in the parameterization of
lightning flash rates over land and ocean (Price and Rind (1994). A
similar parameterization was proposed by Boccippio (2002) which takes
care of the underestimation in lightning flash density over sea by the
previous model. Grewe et al. (2001) devised a detailed lightning
parameterization based on cloud-top height and convective mass flux
procured from the ECHAM4 global circulation model. Wilson et al.,
1998 presented significant correlation between Convective Available
Potential Energy (CAPE) and updraft whereas, the vertical distribution
of hydrometeors has been reported to be closely linked with the charge
generation process in a convective system. Aerosol content in a cloud
system is crucial in deciding the lightning severity (e.g.,Williams et al.,
2002; Mansel and Ziegler, 2013; Stolz et al., 2015). The lightning ac-
tivities in a thundercloud can be represented as a function of hydro-
meteors contents, CAPE, and cloud-base height (Lopez, 2016).

In Numerical weather prediction models, the uncertainty associated
with the prediction increases as the time scale increases. Charney and
Shukla (1981) reported the scientific feasibility of seasonal weather
predictions over tropical regions. Authors established the scientific basis
of Indian summer monsoon prediction one season ahead. The associa-
tion between oceanic and atmospheric processes are of unavoidable
interest in such predictions (Wang et al., 2006). Elsner and Widen
(2014) proposed a parameterization using Bayesian formulation to
forecast the number of tornados occurring between April-June over
Central great plains based on sea surface temperature (SST) data of
February from the Gulf of Alaska and the western Caribbean Sea (WCA).
A neighbourhood-based equitable threat score (ETS) was proposed for
precipitation prediction by Clark et al., (2010). The neighbourhood
based approach seemed to relax the criteria for correct forecasts by
considering grid points within a specified radius. The index proposed
can be used to find out mismatch in precipitation forecast skills between
different models as a function of spatial scale. To be specific, both short
and long scale catalysts play crucial role in governing the process of
seasonal lightning (Dowdy, 2016). Seasonal lightning activities were
reported to be successfully predictable by slowly varying global pre-
dictors especially over lightning hot-spots like India (Mallick et al.,
2002). In recent past, machine learning techniques are being extensively
used for prediction of lightning activities. A neural network ensemble
model was proposed to predict the hail event over North-eastern Italy
(Manzato, 2013). The successful forecast of hail storms established the
basis for use of ML in weather prediction (Gagne et al., 2020). The
physical and statistical insight regarding regression and tree-based
models for extreme rainfall prediction is also defined (Herman et al.,
2018; Mostajabi, 2019 presented the feasibility of fundamental atmo-
spheric datasets to be used in lightning prediction. Authors proposed a
ML model to nowcast the lightning over a specific region up to 30 min in
advance, based on four meteorological parameters namely air pressure,
the air temperature 2 m above ground, relative humidity and wind
speed.

It is, therefore, understandable that given the complexity of the
process machine learning can be an excellent option to deal simulta-
neously with vast weather data and non-linearity of the process. Also, in
case of monthly or seasonal prediction, numerical models may have
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compromised prediction skills, and ML approaches are meaningful,
since they are able to exploit information hidden in the features unlike
the numerical models. The uncertainties and spatial dynamics of the
process makes it crucial to have sufficient transparency of the prediction
process. Especially, over tropics, forecasting any dynamic atmospheric
parameter always demands serious consideration of underlying intrinsic
properties of the variations. Varotsos et al., (2013) reported notable
mismatch between the measured and the modelled temperature anom-
alies in the tropics and analysed the possible factors behind it. The study
reported vertical exaggeration of warming by the models. The detrended
actual fluctuations was assumed to exhibit a white noise nature while
the modelled values follow a long-range power law correlation.
Detrended fluctuation analysis was applied in a similar line to find out
the intrinsic properties of fluctuation in Sahel precipitation and rain
anomaly (Efstathiou and Varotsos, 2012). Short scale Sahel precipitation
anomaly for 1900-2010 has been found to be positively correlated with
long scale ones in a power law fashion whereas; the nature of similar
relationship presented for 1948-2001 is random. Moreover, it has been
reported that the lightning process over different Indian regions have
varied dependence on various atmospheric factors (Chatterjee et al.,
2023). Therefore, an explainable model for prediction of lightning
density is the call of the time. Various places over India are prone to
significant amount of lightning especially during the pre-monsoon sea-
son. The highest lightning density is observed over the North-eastern
part of the country. Increasing weather extremities due to recent cli-
matic changes has made it even more crucial to have a transparent
lightning prediction model over such an area of large lightning fatalities
(Yadava et al., 2020).

This article proposes a machine learning based model for prediction
of lightning density over north-Eastern and Eastern portion of India. The
model forecasts monthly lightning activities with a lead time of one
month based on atmospheric parameters i.e., air temperature at 2 m,
CAPE, K index, surface sensible heat flux values till the previous month.
The model output is interpreted through SHAP index for creating a
transparent machine learning environment without a shed of an ML
black box.

2. Data and methodology
2.1. Data and instrument

The atmospheric parameters namely air temperature at 2 m, CAPE, K
index, and surface sensible heat flux, were obtained from ERA 5 monthly
dataset provide by ECMWF (European Center for Medium Range
Weather Forecast) at a resolution of 0.25° x 0.25° for the period of
2000-2013.

Lightning data has been obtained from Lightning Imaging Sensor
(LIS). It is a space-based instrument capable of measuring both cloud to
ground and cloud to cloud lightning strikes. It can keep track of lightning
rate, and radiant energy as well, both during the day and night.
Therefore, monitoring the global lightning activity and identifying the
lightning climatologies are possible with this mission. Here, the flash
rate information from LIS/OTD Monthly Climatology Time Series
(LRMTS) dataset with a resolution of 2.5° x 2.5° (Cecil D LIS/OTD 2.5
Degree Low Resolution Monthly Climatology Time Series, 2003)were
used.

2.2. Methodology

2.2.1. Pre-processing of data

The missing values were handled using 5 neighbour KNN imputation
(Pedregosa et al., 2011) here. As the atmospheric variables had a reso-
lution of 0.25° x 0.25° the features were interpolated to a similar reso-
lution as that of the lightning data i.e., 2.5° x 2.5°.
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2.2.2. Machine learning model for prediction of lightning density

The whole Eastern and North-eastern portion of India (21.25° N-
31.25° N, 83.75°E-98.75° E) were considered for the study. Three
models were examined for prediction of monthly prediction of lightning
density with a lead time of one month based on the atmospheric pa-
rameters. The weather variables during 2000-2011 were used for
training purpose whereas the data of 2012-13 were kept separate for
testing purpose. Samples in training and testing data were 4970 and 840
respectively. The initial predictive feature set was chosen by exhaustive
literature study. The initial feature set had Multivariate NINO, CAPE of
two previous months, temperature and K index of two previous months,
and instantaneous surface sensible heat flux. Further, recursive feature
elimination method was used to shortlist the most important features
which shortlisted CAPE of two previous months, temperature and K
index of two previous months, and instantaneous surface sensible heat
flux. The month information was also included in the feature set. Three
regression models namely Decision tree (Gladwin, 1989), Random
Forest (Breiman, 2001) and XGBoost (Chen and Carlos, 2016) were
tested here (Models detailed in Appendix). The model parameters were
chosen by hyper-parameter tuning. Here, each hyper parameter was
tested with 12 fold cross validation where each fold was a single year.
The hyper parameter with best mean score in cross validation was
chosen as best hyper parameter set.

The accuracy of prediction has been verified by two metrics i.e. Mean
Absolute Error (MAE) and R%. MAE happens to be the arithmetic mean of
the absolute errors between the actual and predicted samples. If x be the
actual data with mean ~x and y be the predicted data then

> il
MAE :‘ZlT (@D)]

R2 has been computed as

SSres
SStot

R*=1- @

Where, total sum of square SSiot = > (x; — x_) 2 and Sum of residual SSres

= ;(xi*yl')z

2.2.3. Interpretation of model output using SHAP index

Nowadays, more and more complex Al models are being devised.
Most of the internal dynamics happens within the shed of a black box.
With the development of AI the models will get even more complex and
incomprehensible to humans. Here, the output of the model is explained
by SHAP value. SHAP (SHapley Additive exPlanations) index was orig-
inally discovered by Lundberg and Lee (2017). The method can explain
individual predictions and it is actually derived from game theory. SHAP
explains each prediction by calculating the role of each feature in the
prediction. Each feature here is analogous to a player in game theory.
Shapley values describe how to fairly distribute the prediction among
the features. The Shapley value of a feature represents its contribution in
the resulting prediction, weighted and summed over all possible feature
combinations. Suppose, in a model a group N (with n features) predicts a
result of v(N). Then, the contribution of each feature is given by its
SHapley value i.e.

I(n—18| —1)!
0= sy B D 50 ) - wis) @
Where, S is a subset of features i.e. the input to the model and v(S) is the
prediction for feature values in set S. The total contribution (or Shapley
value @) of feature a particular feature is computed by the mean of its
contribution overall possible permutations.

SHAP is an additive feature attribution method. SHAP defines the
model’s output as the sum of the real values attributed to each input
feature. The explanatory model for additive feature attribution method
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Fig. 1. Position of the area used for this study in Indian map.
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Fig. 2. Mean annual lightning density during 1995-2014 over Eastern and
North-Eastern part of India.

is shown is equation (4).
’ M ’
g(x)=@o + Zj:lzjxj @

Where @; € R is the feature attribution for feature j. X e {0,1}" is the
coalition vector and M is maximum coalition size.

3. Result and discussion

The article focuses on the Eastern and North-Eastern part of the
country, which is extremely prone to lightning activities especially
because of the frequent cyclonic movements in BOB resulting from the
large temperature difference between the sea and Eastern coast (Tin-
maker and Chate, 2013).

3.1. Recent trend of lightning activities over NE India

The recent climatic changes have increased the frequency of light-
ning activities due to its role in altering the boundary layer heating
pattern (Price, 2009). According to the IPCC report (2021) the regions
already prone to tropical turbulences, weather extremities are more
susceptible to the increasing severities whereas, the dry and calm places
are being at an increasing risk of droughts. The recent trend of lightning
activities over the NE and Eastern part of the country (Fig. 1) has been
investigated in order to understand the vulnerability of this area to such
threats. The annual average lightning activity over this region (21.25°
N-31.25° N, 83.75°E-98.75° E) has showed a significantly increasing
trend in last 20 years (Fig. 2). Therefore, it can be assessed that proper
prediction of weather extremities over the region is crucial.

3.2. Prediction of lightning densities using ML based regression
Three machine learning architecture were developed using three

regression models i.e., Decision tree, Random forest and XGBoost. The
three models were cross validated with eleven years’ of data i.e.,
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Table 1

Cross-validation scores with best found hyper parameter of each model.

Hyper-parameter

Std

Mean

Year

Score

ML model

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

2000

pth’: 27, ‘min_samples_split’: 55}

‘max_de]

{

0.0016
0.0590
0.0017
0.0602
0.0016
0.0572

0.0092
0.7736
0.0081
0.8450
0.0083
0.8323

0.0071
0.8697
0.0059
0.9128
0.0062
0.9025

0.0140
0.6419
0.0134
0.6631
0.0131
0.6868

0.0085
0.7361
0.0080
0.8260
0.0083
0.7843

0.0085
0.7812
0.0071
0.8550
0.0076
0.8335

0.0083
0.8285
0.0082
0.8472
0.0080
0.8390

0.0100
0.7463
0.0073
0.8716
0.0083
0.8363

0.0090
0.7340
0.0081
0.8238
0.0086
0.7927

0.0089
0.7768
0.0080
0.8553
0.0084
0.8287

0.0095
0.7826
0.0079
0.8600
0.0071
0.8898

0.0080
0.8411
0.0070
0.9008
0.0068
0.9009

0.0087
0.8161
0.0077
0.8739
0.0078
0.8679

0.0099
0.7287
0.0085
0.8510
0.0088
0.8246

MAE

RZ

Decision

Tree
Random

{’estimator’: 800, ‘max_depth’: 23, ‘max_sample’: 0.9,

MAE
R2

ple_split’: 5}
{’n_estimators’: 400, ‘max_depth’: 9, ‘eta’: 0.1, ‘subsample’:

0.9, ‘colsample_bytree’: 0.9}

‘min_sam

Forest
XGBoost

MAE

RZ
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Fig. 3. Performance (R?) of the model in 12 fold cross validation (2000-2011).

Table 2
Test scores (2012-2013) of each model.

ML Models Scores

R? MAE

Decision Tree 0.7879 0.0086
Random Forest 0.8636 0.0071
XGboost 0.8657 0.0072
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Fig. 4. The actual and predicted lightning density during 2012-2013. (Blue
dots represents observed data whereas; the red line is the line of fitting). (For
interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)

2000-2011. Table 1 depicts the best hyperparameter sets as found for
each of the model. While the R? of validation were found to be com-
parable and good for Random forest and XGBoost i.e., 0.84 and 0.83, it
was found to be decent (0.77) for Decision tree. Performance of the best
performing model here, i.e. RF during the cross validation has been
presented in Fig. 3 In each fold. It is to be noted here each fold consist of
a single year between 2000 and 2011. Further, the models were tested
with two years’ of data during 2012-2013. The testing R? were found to
be 0.78, 0.86 and 0.86 for Decision tree, Random Forest and XGBoost
(Table 2). Lowest MAE was observed for Random Forest model.i.e.
0.0071. It shows the efficiency of the RF model implemented here, in
case of unknown data. In practice, even though decision tree is a much
simpler algorithm to be implemented, the capability of RF in minimize
the overfitting makes it very effective for all the real world problem
especially with large datasets. Even though the testing accuracy showed
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Table 3
Season wise performance of the final model.
Pre-monsoon: Monsoon:
R score 0.8027 0.7781
MAE _score 0.0128 0.0077

comparable results for Random Forest and XGBoost, the stability of
model was found to be better in case of RF which showed a higher cross
validation accuracy. For the said reason, the further analysis was carried
out with Random Forest.

The actual and predicted values of lightning for the testing data i.e.,
for the months of 2012-2013 over the North-Eastern India shown very
good matching with a ‘goodness of fit’ of 0.82 (Fig. 4).

Further, given the absolute dynamic nature of lightning process the
prediction has been verified with the spatial variability as well. The
actual and predicted spatial pattern of lightning averaged over the
period of testing (2012-2013) over the area of interest has been pre-
sented in Fig. 5. It is evident that the pattern is nicely captured by the
model as it closely resembles the actual lightning densities over the 2.5°
x 2.5° grids over the Eastern and North-Eastern part of the country. It is
to be remembered that even though this is a very highly active lightning
zone, the spatial inhomogeneity is large. But it is to be noted that the
relative spatial diversity is reflected successfully in the model output.
However, there are very slight underestimation of lightning densities in
case of very high values.

3.3. Investigation of seasonal bias on output

The output of the model was further investigated to check whether
there is any seasonal bias in the model. The performance of the model
was explored separately for Pre-monsoon and Monsoon which are the
two seasons with majority of lightning activities over India. Table 3
presents the R? and Mean absolute error for the two said seasons. The R?
for Pre-monsoon and monsoon season were found to be 0.80 and 0.77. It
is evident that even though the Pre-monsoon scores are a little better,
there is no large variation between the performance of the model during
Monsoon and Pre-monsoon which confirms the stability of the proposed
model.

3.4. Investigation of the influence of the used feature on lightning
activities using SHAP index

SHAP can infer the importance of each feature used for the predic-
tion. Fig. 6 depicts the role of the features in the prediction. It is evident
that the air temperature of the previous two months have important role
to play in deciding the lightning activity over a region during the next
month and the relationships are pretty linear i.e. low values of the
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g. 5. Spatial pattern of actual and precited mean lightning densities.

parameters affected the output (lightning density) in a negative way
whereas; positive influence was observed for higher values (Fig. 6(a-b)).
It is to be noted, that both the inhibition and favourability on the
lightning density were intense for the higher temperature of previous
month and the peak SHAP value reached a figure of 0.025 whereas; it
was around 0.015 for another one month prior 2 m temperature. Similar
association were observed for CAPE (Fig. 6(c-d)). CAPE of previous
month (Fig. 6(c)) found to be correlating positive only after its crosses a
certain threshold. However, a two months prior CAPE has presented
mostly a negative impact on the output. The proportionality of surface
temperature and CAPE over the lightning activities of this region fall in
line with the previously reported results (Murugavel et al., 2014).

The k index of the previous month, on the other hand, have shown a
linear influence on the lightning density of the region (Fig. 6(e)).
Interestingly, the high k index during two month (Fig. 6 (f)) before the
lightning event showed inhibiting effect on the lightning densities of the
region. The k index which is based on the vertical temperature lapse rate
was shown to effect the lightning of next month directly. The K index can
be assumed to be a thunderstorm potential. So, the linear relationship
between k index and lightning is an expected scenario. Probably, the
orographic influences have a role to play especially over the NE part of
the region considered here. The surface heat flux of previous month
(Fig. 6(8)), however, had a pretty linear inhibition effect on the output of
the model. This parameter is the transfer of heat between the Earth’s
surface and the atmosphere, through the effects of turbulent air motion.
The turbulence in air can be a good measure of lightning possibilities
instantaneously (Tinmaker et al., 2021). Most probably, the previous
month’s successful radiative transfer has a crucial positive effect on
reducing the lightning severities during the coming month.

The study proposes a machine learning based simple approach for
forecasting monthly lightning density one month ahead of time based on
easily available satellite data. This makes the process suitable for any
region on this earth. However, the lightning data available from satellite
based sensors have moderate resolution. Here, the data used, has a
spatial resolution of 2.5° x 2.5°. Nowadays, there are a few grounds
based lightning networks available, but such data are neither freely
accessible nor has long time span to train any model. Therefore, most of
the lightning prediction being carried out has been focusing at a very
confined area of interest. This study attempts to overcome that scenario
by using a seamless method using satellite data. However, there has to
be a compromise in the part of spatial resolution. Also, slight underes-
timation was noted by the model in case of the very high value grids as
observed in spatial pattern.

4. Conclusion

Precise prediction of lightning densities over such lightning prone
areas like North-Eastern and Eastern India is crucial in saving both
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Fig. 6. SHAP values for different features used.

human lives and resources. Month ahead predictions in cases of such
complex dynamic weather phenomenon require taking care of both the
intricacy and transparency of the process. The current study has pro-
posed a simple model based on Random forest regression using very
easily available satellite data to forecast lightning density with a lead
time of one month over eastern and North-Eastern part of India. The R?
score of the model was found to be pretty good (0.86). The model output
has been explained with a game theoretic approach called SHAP index.
Temperature of two previous months and CAPE of the previous month

were found to be governing the process of lightning strongly over this
region. The recent climate change scenario has made India extremely
vulnerable to weather extremities like lightning. Such studies especially
with a transparent machine learning model, capable of showing the role
of individual feature on the output can be a good option in the extreme
weather prediction over lightning pone areas.
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