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Abstract Indonesia, as a tropical region and prone to frequent thunderstorms, is faced with potential risks to both
human life and infrastructure. The analysis of a dataset containing observations of thunderstorms enabled us to identify
variations in the vertical air temperature profiles between days experiencing thunderstorms and those characterized
by no significant weather conditions (Nosig) within the layer between 1000 and 150 hPa. Examination of the relative
humidity in the middle-troposphere during the thunderstorm days exhibited elevated moist layers in compared to the
Nosig days across all the investigated regions. By employing stability indices that reflect the atmospheric conditions
favorable for thunderstorm development, in conjunction with gridded reanalysis data and logistic regression methodol-
ogies, we ascertained that among the numerous convective stability parameters scrutinized, precipitable water (PW), K
index (KI), and relative humidity in the middle troposphere (RH_Middle) emerged as the most effective parameters in
distinguishing between environmental conditions conducive to thunderstorms and those devoid of significant weather
phenomena. Assessment utilizing receiver operating characteristic curves illustrated that the optimal normalized thresh-
olds for PW, KI, and RH_Middle were 0.67, 0.86, and 0.62, respectively.
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1. Introduction

Indonesia is susceptible to a higher frequency of thunderstorm compared to tropical ocean areas (Hidayat and Ishii
1999; Ramage 1968; Virts et al. 2013; Zipser 1994). Another feature of thunderstorms in Indonesia is an increased oc-
currence during the El Nifio phenomenon (in contrast to a reduction occurrence in thunderstorms during La Nifia), char-
acterized by more pronounced activity of deep convection with denser regions of ice phase precipitation (Hamid et al.
2001; Yuan et al. 2016). Predicting thunderstorms accurately is challenging for meteorologists, owing to the complex
and highly dynamic nature of the thunderstorm activity. Most thunderstorms occur on relatively small scales and evolve
rapidly, making precise predictions difficult. As a result, warnings are sometimes ineffective in providing the necessary
information to protect people and property (Bachok et al. 2015).

Many previous studies have used convective available potential energy (CAPE), vertical wind shear, and other
commonly used atmospheric stability parameters to diagnose global thunderstorm potential (Brooks et al. 2003; Brooks
2009; Takemi 2010; Allen et al. 2011; Davies-Jones 2015, 2022; Singh et al. 2017; Taszarek et al. 2021). However, this
does not eliminate the possibility of other favorable environmental indices in other parts of the world (Allen 2018). As
reported in several previous studies, the most favorable indices were found not necessarily to be CAPE (Bondyopadhyay
and Mohapatra 2023; Fernando et al. 2021; Hanstrum et al. 2002; Pradhan et al. 2012; Sherburn 2018; Tian et al. 2023).
Hence, identifying the appropriate atmospheric stability indices that quantify the possibility of thunderstorms in tropical
regions is important.

The aim of this research is to investigate the characteristics of thunderstorms in Indonesia and assess the environ-
mental factors using a long-term reanalysis dataset. Additionally, we aim to identify the most suitable atmospheric
stability index that can distinguish between thunderstorms and no significant weather and to propose predictors of
thunderstorms in Indonesia.

2. Data and methodology

Figure 1 shows the study area for mainland Indonesia, utilizing gridded data over land with a resolution of 0.25 x 0.25
degrees. This study analyzes atmospheric stability conditions for thunderstorm days and Nosig (no significant weather)
days at each grid point, using reanalysis data from 2014 to 2022.

2.1 Thunderstorm days definitions
In order to define thunderstorm days, we use data obtained from the Earth Global Lightning Detection Network
(EGLN) thunder hour dataset from 2014 to 2022 (DiGangi et al. 2022) and the daily rainfall amount dataset derived
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Fig. 1. Map of study.

Table 1. Stability indices and formula.

Indices Description Formula
Surface-based convective potential EL
SBCAPE encry (Hobbs and Wallace 2006) R e T = TV ) 10(p)
. Average relative humidity between RH,,+RH,+RH\,+-+RH,,
RH_Middle 260 and 400 hPa 8
SI Showalter index (Showalter 1953) Ts00 — Tpso0-s50
LI Lifted index (Galway 1956) Ts00 — Thso0
KI K index (George 2014) (Tss0 — Tso0) + Tusso — (Tr00 — Turo0)
TT Total total index (Miller 1975) (Tgs0 + Tyss0) — (2.Ts0)
1 100hPa
PW Precipitable water (Salby 1996) _E e |
Shear speed between surface level 2 212
SHEAR t0 500 hPa [AU” + AV7]
SWEAT Severe weather threat index 12[Tdgsy + 20(TT — 49) + 2(WSss0)
(Miller 1975) + WSs00 + 125(S + 0.2)]
i CAPE
BRN Bulk Richardson number

(Markowski and Richardson 2011)

0.5.(SHEAR)®

from the Climate Hazards Group Infrared Precipitation with Station data (CHIRPS) spanning from 2014 to 2022 (Funk
et al. 2015). Both datasets have an initial grid resolution of 0.05° x 0.05°. The daily rainfall amount data were regrid-
ded to 0.25° x 0.25° using the bilinear interpolation method to align with the resolution of the atmospheric reanalysis
dataset. On the other hand, the thunder hour data were regridded to 0.25° spacing by defining a 0.25° grid box as
having a thunder hour if at least one 0.05° grid within the 0.25° box recorded thunder hour activity. Thunderstorm and
no-significant weather days are defined with the use of the regridded data with the 0.25° resolution. Thunderstorm days
are defined as days with at least one hour of thunder with a daily rainfall amount of 1 mm or greater from 2014 to 2022.
Otherwise, we define no significant weather days (referred to as Nosig days) as having no thunder hour within the day
and at the same time having a daily rainfall amount of less than 1 mm.

2.2 Atmospheric reanalysis dataset

In order to examine the atmospheric environmental conditions on days characterized by thunderstorms and Nosig
days, we use the fifth-generation ECMWF reanalysis for global climate and meteorological data (ERAS) (Hersbach
et al. 2020) and compute various stability index metrics (Table 1) using MetPy: A Meteorological Python Library for
Data Analysis and Visualization (May et al. 2022). The indices are calculated based on the daily vertical profiles of
temperature, u-component, v-component wind, and relative humidity from the ERAS data, with the formulas displayed
in Table 1.

2.3 Identifying optimal stability indices and their thresholds
To distinguish between thunderstorm and Nosig days, we used a logistic regression model. This method was chosen
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Fig. 2. The mean vertical profiles of (a) temperature (solid lines), winds (barbs), and (b) relative humidity averaged during
thunderstorm days (black line) and during Nosig days (grey line).

because it is able to analyze differences in binary condition data (Salomé et al. 2020; Pang et al. 2019). First, data with
RH_Middle above 100% were reset to 100% because such data are regarded as supersaturation (Hersbach et al. 2020).
RH_Middle data above 100% accounted for only 0.00005% of the total data. Second, surface-based CAPE (SBCAPE)
data less than 0 J/kg were also removed. To assess the environmental conditions equally by minimizing the variabilities
among the locations, each stability index was normalized using MinMax Scaler, which transforms data values into a
range of 0 to 1 for each grid. Then, this study constructs a logistic regression model with 60% of the normalized data as
training and 40% as testing. Logistic regression was chosen because it is effective for binary classification (yes/no) and
uses a probability threshold to distinguish classes (Subasi 2020) and is formulated as:

1

P& =1 (1)

where P(x) denotes the probability of x (x refers to any parameter listed in Table 1) with a value ranging from 0 to
1, B, is an intercept, and S, is the coefficient. The optimal probability threshold is found from the receiver operating
characteristic (ROC) curve by identifying the point with the maximum difference between the true positive rate (TPR)
and the false positive rate (FPR) for each stability index. The optimal probability threshold was converted to an optimal
normalized threshold (x) using the following formula:

L In[P)/1 [; PP, )

A stability index with an area under curve (AUC) exceeding 0.75 is employed to discern thunderstorm occurrences,
with extraction efficacy evaluated through Probability of Detection (POD) and Probability of False Detection (POFD),
where POD represents the proportion of accurately identified thunderstorm days and POFD denotes the fraction of erro-
neously classified days as thunderstorms. The AUC threshold of 0.75 was selected based on a previous study indicating
that this value provides good accuracy for storm prediction (Swets 1988).

3. Results

3.1 The comparison of general environmental properties between thunderstorm days and Nosig days

First, we demonstrate upper-air environments on thunderstorm and Nosig days by using ERAS dataset by examining
the vertical profiles of temperature and relative humidity at each mandatory pressure levels in the troposphere.

Figure 2 shows the mean vertical profiles of temperature, wind, and relative humidity averaged on the thunder-
storms and the Nosig days. The averaged temperature profiles do not clearly show a difference between the thunder-
storm and Nosig days (Fig. 2a). However, Fig. 2b shows that the average relative humidity (RH) is generally higher on
thunderstorm days than on Nosig days across all pressure levels, with the most pronounced differences observed in the
middle layer (700—400 hPa). Previous studies showed that relative humidity is a key factor in characterizing tropical
convective activity (Bourdin et al. 2021; Chakraborty et al. 2017; Kato 2006; Kikuchi and Takayabu 2004; Takemi et al.
2004; Kato 2006; Masunaga 2012; Romps 2014; Talev et al. 2008; Masunaga 2012; Romps 2014; Chakraborty et al.
2017; Bourdin et al. 2021). Thunderstorm days indicate a moist layer throughout the troposphere, including the middle
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Fig. 3. The distribution of the stability indices listed in Table 1 as box-and-whisker plots under thunderstorm days (blue) and
Nosig days (orange) conditions. The middle line of the box denotes the median value, the lower and upper edges of the box rep-
resent the first and third quartiles, and the upper and lower whiskers indicate the maximum and minimum values, respectively.

levels, while Nosig days demonstrate a drier layer between 700 and 400 hPa, with RH of about 25-60%. The analysis
highlights the importance of RH in the middle troposphere as a key factor in distinguishing thunderstorm occurrences
from Nosig weather in Indonesia, suggesting that the middle tropospheric RH affects convective processes across the
region. Previous studies such as Takemi and Unuma (2019), Tsujino et al. (2021), Naka and Takemi (2023), and Jo and
Lasher-Trapp (2023) also demonstrated that the middle tropospheric humidity strongly influences thunderstorm events,
particularly in subtropical regions. This study extends those findings by demonstrating the effectiveness of RH in the
middle layer for diagnosing thunderstorm events over the Maritime Continent, particularly Indonesia, further solidify-
ing its relevance in tropical convective activity.

The vertical profile of average wind barbs (Fig. 2a) shows that the average wind speed below the 500-hPa level is
weak under both thunderstorm and Nosig day conditions. At the upper levels above 500 hPa, winds are higher in the
Nosig days than in the thunderstorm days, indicating that the vertical shear is stronger in the Nosig condition. Note here
that the average wind barbs represent the average magnitudes of wind vectors, and the demonstrated calmness may
partly result from high day-to-day variability rather than consistently weak winds.

3.2 Stability indices analysis

The stability indices listed in Table 1 are used to distinguish the environmental stability conditions between the
thunderstorm and Nosig days. Figure 3 compares the frequency distributions of the indices under the thunderstorm and
Nosig days. The distributions indicate that there are indices such as SBCAPE, SHEAR, and BRN that exhibit overlaps
of the distributions between the thunderstorm and Nosig conditions, suggesting that the differences between the two
conditions are less pronounced. The median value of SBCAPE on thunderstorm days is approximately 2000 J kg ',
which is higher than the median value of 1500 J kg ' on Nosig days. However, the range of SBCAPE values on Nosig
days is broader, ranging from 0 to 4000 J kg '. The median SHEAR value on both thunderstorm and Nosig days is
around 5 m s™', showing a minor difference. The median BRN value under thunderstorm days is around 100, which is
due to the high SBCAPE values and weak shear, resulting in a higher BRN on thunderstorm days.

In contrast, other stability indices, TT, KI, SI, PW, LI, RH_Middle, and SWEAT, show a shift in distribution data
between thunderstorm and Nosig days. These indices indicate less variance under thunderstorm days than under Nosig
days. KI, PW, RH_Middle, and SWEAT typically show higher values on thunderstorm days than on Nosig days, re-
flecting the sensitivity of convective activity to middle-level RH. The distribution of lower SI also indicates increased
instability on thunderstorm days.

3.3 Assessing thunderstorm potential environment days over Indonesia
To assess a potential environment for the development of thunderstorms, we examine the best normalized stability
index to construct a logistic regression model as explained in Eq. (1). We aim to find an optimal probability threshold
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Table 2. Logistic regression model for each stability index.

nde ) w O il ;

SBCAPE 1/ (1 + exp(—(—2.17 + 441 x x))) 0.41 (In[P(x)/1—P(x)] — (~2.17))/4.41
TT 1/ (1 + exp(—(—1.88 + 2.75 % x))) 0.44 (In[P(x)/1—P(x)] — (—1.88))/2.75
KI 1/ (1 + exp(—(—13.38 + 15.46 % x))) 0.49 (In[P(x)/1—P(x)] — (—13.38))/15.46
SI 1/ (1 + exp(—(1.66 + —6.14  x))) 0.45 (In[P(x)/1—P(x)] — (1.66))/—6.14
PW 1/ (1 + exp(—(—6.88 + 10.16 % x))) 0.48 (In[P(x)/1—P(x)] — (—6.88))/10.16
LI 1/ (14 exp(—(1.14 + —3.32 % x))) 0.47 (In[P(x)/1—P(x)] — (1.14))/—3.32
SHEAR 1/ (1 + exp(—(0.28 + —1.06 % x))) 0.50 (In[P(x)/1—P(x)] — (0.28))/—1.06
BRN 1/ (1 + exp(—(—0.03 + 2.72 % x))) 0.49 (In[P(x)/1—P(x)] — (—0.03))/2.72
RH Middle 1 /(1 + exp(—(—3.82 + 5.77 « x))) 0.44 (In[P(x)/1—P(x)] — (—3.82))/5.77
SWEAT 1/ (1 + exp(—(—5.35 4 7.23 % x))) 0.48 (In[P(x)/1—P(x)] — (—5.35))/7.23
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Fig. 4. The ROC curve for the stability indices obtained from the logistic regression model. The legend for each index includes
the normalized values of the optimum thresholds and their AUC values.

with the highest AUC in the ROC analysis, and then convert it using Eq. (2) into the normalized threshold. Table 2
describes the logistic regression models for the environmental parameters and their optimal probability thresholds.

Figure 4 shows the ROC curves of the logistic regression model with different inputs of stability indices. The stabil-
ity indices that have the three highest AUCs are PW, KI, and RH_Middle, with their AUC values being 0.82, 0.79, and
0.75, respectively. We use the normalized PW (0.67), KI (0.79), and RH_Middle (0.62) as optimal probability thresh-
olds to map thunderstorm potential environments in Indonesia from 2014 to 2022. The mechanism for determining the
optimal normalized threshold is detailed in Section 2.3. Thunderstorm potential environment days are defined as days
where the values of PW, KI, and RH_Middle exceed their respective optimal normalized thresholds (0.67, 0.86, and
0.62). Figure 5a shows the average annual thunderstorm potential environment days, which can be compared with the
average annual thunderstorm days derived from EGLN data (Fig. 5b). In general, the spatial patterns of the thunder-
storm days are shown in Figs. 5a and 5b appear to be similar. This is evident from the similarity in areas with a high
annual average frequency of thunderstorm days on both maps, such as the coastal areas of Sumatra near the Malacca
Strait, West and Central Java, South Kalimantan, and Central Sulawesi. However, the average number of annual days
that meet the thunderstorm potential environment criteria is higher than the actual average annual thunderstorm days.
This discrepancy indicates a limitation in diagnosing a potential for thunderstorm development only from stability
indices. Meeting the threshold for a thunderstorm potential environment does not guarantee the occurrence of thunder-
storms owing to other factors such as storm initiation mechanisms and convective inhibition (Allen 2018). Additionally,
there are limitations in ERAS data in areas with little or no radiosonde data assimilated (Wu et al. 2024). Despite these
overestimations and limitations, the diagnosis of the thunderstorm potential environment using the thresholds for stabil-
ity indices is useful in capturing the spatial distribution pattern of thunderstorms.

Figures 5c and 5d show the performance of identifying thunderstorm potential days from the thresholds for PW,
KI, and RH_Middle in terms of probability of detection (POD) and probability of false detection (POFD). Most arecas
have POD values above 0.7, indicating that thunderstorm days can be successfully predicted with the rate of greater
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Fig. 5. The map of (a) the average annual number of days diagnosed as having thunderstorm potential environments, (b) the
average annual number of observed thunderstorm days from the EGLN dataset, (c) the probability of detection (POD), and (d)
the probability of false detection (POFD), calculated over the 9-year period (2014-2022).

than 70%. Conversely, most grids have POFD values between 0.3 and 0.4, indicating a detection error rate of 30-40%
for thunderstorm days. Although most areas show favorable performance in identifying thunderstorm potential envi-
ronment days, some regions with higher elevations, such as Central Kalimantan and mountainous areas in Papua, show
poor performance. In these areas, in spite of fair performance of POD, POFD is also high, indicating that the index
often exceeds the threshold even in the absence of thunderstorms. This suggests that, especially in areas with complex
topography like Central Kalimantan and the mountains of Papua, the index may be less effective in predicting thunder-
storms. This may be due to the low density of observation data, which affects the accuracy of ERAS5 data in predicting
thunderstorm events (Wu et al. 2024).

4. Discussion

In previous studies, CAPE and vertical wind shear generated from reanalysis datasets were successfully used
as environmental proxies for favorable thunderstorm conditions in some mid-latitude regions (Romero et al. 2007;
Brooks 2009; Haberlie et al. 2022; Allen et al. 2014; Pilguj et al. 2019; Leon-Cruz et al. 2023). However, in the present
study, we found that the SBCAPE, a CAPE value calculated for a surface-based air parcel, performs unfavorably in
distinguishing the conditions between thunderstorms and Nosig weather in Indonesia. A possible reason for such an
unfavorable performance of SBCAPE in Indonesia is that Indonesia is a tropical maritime islands region where CAPE
values are basically higher than in mid-latitude regions. In addition, the high SBCAPE values in the tropics indicate a
high potential for the development of convective processes, but not all convective processes result in severe conditions
(Doswell 1985). Therefore, under conditions with pronounced SBCAPE values, convective clouds will frequently grow,
but sometimes without severe conditions. Another issue with using SBCAPE as a proxy for distinguishing thunderstorm
conditions in Indonesia is the impact of large-scale phenomena like the Asian monsoon from November to March.
During this period, the atmosphere tends to be more humid, and convective processes become more intense because of
the increased middle-tropospheric moisture flux, which reduces the effectiveness of CAPE in predicting convective in-
tensity (Jha et al. 2022; Jankov and Gallus 2003). The box-and-whisker plot analysis shows that the distributions of the
SBCAPE values for the thunderstorm and Nosig conditions overlap. A similar distribution also occurs for vertical wind
shear, which shows similar distributions between thunderstorm and Nosig conditions.
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The similarity of the wind speed is considered to be attributable to the spatial resolution of the reanalysis data being
about 25 km, which is not sufficient to explicitly resolve thunderstorm activity; alternatively, it might be attributable to
the assumption that the dominant type of thunderstorms in Indonesia is a single-cell storm that develops in an environ-
ment with weak wind shear (Markowski and Richardson 2011). These results correspond to a statement by (Zinner and
Groenemeijer 2012) that single-cell storms are more frequent in the tropics.

In this study, we found PW, KI, and RH_Middle to be the best stability indices with the AUC of greater than 0.75
in the ROC analysis to distinguish thunderstorm and Nosig conditions on the basis of the logistic regression method.
The box-and-whisker plot analysis showed that the distributions of PW and KI under Nosig conditions indicate greater
variances than those under thunderstorm conditions. The high values of PW resulted from both higher RH and a larger
amount of water vapor content in the troposphere. Ng et al. (2022) showed that a high value of PW with weak vertical
wind shear characterizes the environment for single-cell thunderstorms in southern China during summer (Ng et al.
2022). In addition, KI is useful in capturing thunderstorm conditions effectively because the KI formula takes into ac-
count the difference in temperature and dew point at the level of 700 hPa. The drier feature at the middle troposphere is
found for the Nosig conditions, which reflects on the difference in KI between thunderstorm and Nosig conditions. This
is consistent with the study of (Fernando et al. (2021) who demonstrated that KI more strongly affects thunderstorm
events in the tropics than CAPE or CIN.

This study presents a new perspective on assessing thunderstorm conditions through the use of stability indices. The
use of reanalysis data in this investigation provides benefits in terms of data accessibility and facilitates a comprehen-
sive climatological examination. However, increasing the density of upper-air observation data and improving the ver-
tical resolution of reanalysis data are still necessary to enhance the accuracy of vertical temperature profile estimations
(Allen et al. 2014; Wang et al. 2020), which may affect the calculation of stability indices for predicting thunderstorm
conditions in areas with complex topography. The results of this study encourage further exploration of the factors con-
trolling deep convection over the complex topographies across Indonesia (Teo et al. 2011; Wu et al. 2009). Additionally,
future studies could explore the application of more advanced models, such as multiple logistic regression, to identify
combinations of indices and their thresholds for determining thunderstorm potential environment days.

5. Conclusion

This study investigates, by using ERAS data, the environmental properties of thunderstorm activity and the differ-
ence in the environment between the thunderstorm and no significant weather (Nosig) days. The vertical distribution of
temperature does not exhibit a distinct variation between days characterized by thunderstorms and those classified as
Nosig; however, the relative humidity (RH) within the middle troposphere reveals a significant difference between the
two conditions. Under Nosig conditions, the middle troposphere displays RH values ranging from approximately 25%
to 65%, while during thunderstorm conditions, the middle tropospheric RH values are observed to be between about
60% and 80%. Overall, atmospheric stability indices do not fully differentiate between thunderstorm and Nosig condi-
tions, as certain values are present in both conditions, as illustrated by the box-and-whisker plot analyses.

By applying a logistic regression approach, we find that PW, KI and RH_Middle are the three most effective param-
eters in distinguishing between thunderstorm and Nosig conditions using normalized threshold values of 0.67, 0.86, and
0.62, respectively. This analysis was used to map the thunderstorm potential areas in Indonesia.

This approach provides a feasible method to identify the different potential risks of thunderstorms in different re-
gions in Indonesia. Using a statistics method, the proposed method offers unprecedented insight into finding effective
stability indices to distinguish thunderstorms and Nosig conditions in Indonesia. In a future work, we plan to explore
the variability of thunderstorm potential environment based on atmospheric stability index to other global scale phe-
nomena in Indonesia.
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Supplements

A detailed explanation of how to find the optimal stability indices and determine the optimal normalized threshold
for each index.
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