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1 Introduction

This report describes a dataset designed for thunderstorm analysis, produced using a diagnostic method based on parameters related to convection. The dataset is intended to be used for broadscale climatological analyses, as was done for a previous dataset version based on the ERA-Interim reanalysis. The previous dataset version has been updated as described here including using the more recent ERA5 reanalysis. This update also expands the region from Australia, as used in the previous dataset, to now covering all tropical and mid-latitude regions globally. The method uses environmental parameters comprising of convective available potential energy (CAPE) and vertical wind shear. A novel aspect of this dataset is being calibrated at each location based on lightning observations as a proxy for thunderstorm occurrence. This calibration means that, for each individual grid location, the average occurrence frequency of thunderstorm environments in the dataset is consistent with the average occurrence frequency of thunderstorms based on observations. It is referred to as the Broadscale Thunderstorm Environment (BTE) dataset, with some analysis presented here for the diagnostic method and the resultant average climatology of thunderstorm environments based on applying the method from 1979 to 2023. Examples are also considered for building on this approach, such as applying the diagnostic method to global climate model data.

Long-term consistent data for thunderstorm occurrences are not widely available throughout the world, as well as noting the resolution of climate models currently available is not able to accurately simulate fine-scale processes that cause thunderstorms (Droegemeier and Wilhelmson, 1987; Tippett et al., 2015; Hoogewind et al., 2017; Gutowski et al., 2020). This makes it challenging for climatological analyses using a relatively limited period of available homogenous thunderstorm observations or using climate models that are not ideal for simulating thunderstorms.

Due to those challenges, studies in recent years have used environmental diagnostic methods for indicating the occurrence of thunderstorms. Several of these studies have used CAPE in combination with vertical wind shear from the surface to 6 km above ground level (i.e., the shear from 0 to 6 km: S06), similar to approaches such as Brooks et al. (2003) developed for North America. In Australia, Allen and Karoly (2014) applied this type of approach to examine severe thunderstorm environments from a climatological perspective, based on ERA-Interim reanalysis (Dee et al., 2011).

Building on this type of approach, Dowdy (2020) examined thunderstorm environments based on CAPE and S06 from ERA-Interim reanalysis, but with novel methodological differences in contrast to previous studies. These differences included using spatially varying thresholds of the diagnostic, with the threshold at each location defined to give the same occurrence frequency of diagnostic events to the number of observed events (i.e., a form of quantile-quantile matching for calibrating the results), and using lightning data as an observations-based proxy for thunderstorm occurrence at a given location and time (noting that thunder is the acoustic result of lightning occurrence). The thunderstorm environment dataset based on applying that method to ERA-Interim reanalysis for Australia was documented in Dowdy (2020) and subsequently used for various broad-scale climatological studies. Those studies include several that examined combinations of weather systems for insight on rainfall climatology (Pepler et al., 2020, 2021; Fiddes et al., 2021; van Rensch et al., 2023; Fu et al., 2024) and studies examining wildfire ignition potential based on lightning that occurs with little rainfall on the ground known as “dry lightning” (Dowdy, 2020; Canadell et al., 2021).

The European Centre for Medium-Range Weather Forecasts (ECMWF) recently released a new reanalysis dataset called ERA5 (Hersbach et al., 2020), with the ERA-Interim reanalysis no longer being updated since 2019. As such, the thunderstorm environment dataset described in this report is based on the ERA5 reanalysis (in contrast to the previous thunderstorm environment dataset that was based on ERA-Interim reanalysis), including so the data can be available for recent years since 2019.

This dataset described here based on ERA5 reanalysis is referred to as the Broadscale Thunderstorm Environment (BTE) dataset, given its intended applications for broadscale climate analysis purposes similar to studies that used the previous dataset version (Dowdy, 2020; Pepler et al., 2020, 2021; Canadell et al., 2021; Fiddes et al., 2021; van Rensch et al., 2023; Fu et al., 2024). Those previous studies have done analysis typically at scales coarser than about 5 km (e.g., about 0.05 degrees) in latitude and longitude, noting that below these scale convection starts to be partially resolved in models (Bryan et al., 2003).



2 Methods and input data


2.1 Lightning data

Global lightning data from World Wide Lightning Location Network (WWLLN: Virts et al., 2013) were used to determine the threshold of the environmental diagnostic method, based on the period of suitable WWLLN data available for this research from 2012 to 2023. The WWLLN data comprise lightning observations based on the time of arrival of the electromagnetic disturbance propagating away from the lightning. These data are recorded by a global network of ground-based radio receivers and contain information about the time and location of individual lightning strokes.

The observed thunderstorm environments were defined for the purposes of this diagnostic method based on 2 or more lightning strokes being recorded within ± 3 grid cells of a given location during a 6-h time period. This was done individually for each 6-hourly time period (centered on 0000, 0600, 1200, and 1800 UTC) and each grid cell (using the same grid as provided in the ERA5 reanalysis at 0.25° latitude and longitude). This method of aggregating the lightning observations data within 0.75° around each ERA5 grid cell and in 6-hourly time periods helps allow for broadscale climate applications that might use a range of data sets, including relatively coarse-scale data (such as global model data intended for climate analysis purposes, etc.), similar to how the previous version of the dataset was used for broadscale analyses including of climatological features (Dowdy, 2020; Pepler et al., 2020, 2021; Canadell et al., 2021; Fiddes et al., 2021; van Rensch et al., 2023; Fu et al., 2024). Additionally, this approach of using relatively coarse spatio-temporal data aggregation for defining observed lightning events also helps allow for variations that may occur between different convective systems such as in their movement speed over a region.



2.2 ERA5 reanalysis data

The method is based on calculating a diagnostic of environmental conditions, using CAPE and S06 from reanalysis data. Environments conducive to thunderstorms are indicated at a given location and time when the diagnostic exceeds a threshold value. The method uses spatially varying thresholds of the diagnostic, with the threshold at each location defined to give the same occurrence frequency of diagnostic events to the number of observed events (with lightning data as an observations-based proxy for thunderstorm occurrence at a given location and time). This is the same type of approach used in Dowdy (2020) for the previous dataset.

The ERA5 reanalysis data for CAPE and S06 are on a grid of 0.25° in longitude and latitude, with this grid being used for the BTE dataset as described here. The CAPE and S06 data were smoothed with a ± 3 grid cell moving average applied in both latitude and longitude (i.e., a simple 'boxcar' moving average spanning 1.75°) consistent with the spatial aggregation of lightning observations as described above. The BTE dataset is global in longitude using data from 70°N to 70°S in latitude (noting lightning rarely occur outside of this range), such that it spans all tropical and midlatitude regions globally. This is a larger region than was used for the previous dataset of Dowdy (2020) which was only for Australia. The BTE dataset uses ERA5 data for the period 1979–2023 at 6-h time steps of 0000, 0600, 1200, and 1800 UTC.



2.3 Environmental diagnostic method

Application of this diagnostic method to ERA5 reanalysis was documented in Dowdy and Brown (2023) showing the product of CAPE and S06 was useful for indicating the occurrence of thunderstorm environments. The diagnostic method also includes lower limits of CAPE (10 J.kg−1) and S06 (10 m.s−1), as to not exclude thunderstorms occurring in zero or very low CAPE environments, or in very low wind shear environments, as have been documented by observational studies (King et al., 2017; Miller and Mote, 2018). The diagnostic based on ERA5 reanalysis CAPE and S06 (with lower limits applied for both of those input components) is referred to here as Broadscale Thunderstorm Environment, BTE, calculated as shown in Equation 1.
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where CAPE ≥ 10 J.kg−1 and S06 ≥ 10 m.s−1 (i.e., all values lower than those limits are set equal to 10).

Thunderstorm environments are estimated to have occurred when BTE exceeds a threshold. The threshold values are defined by the value of BTE that is exceeded as frequently as the occurrence of the observations-based thunderstorms (i.e., using lightning observations to indicate thunderstorm occurrence as detailed in the section above). This means that the threshold value at each grid point in the reanalysis dataset is set such that the number of thunderstorm environments indicated (i.e., by BTE exceeding the threshold value) is equal to the number of observed thunderstorms (based on lightning observations). Consequently, the method is a form of quantile-quantile matching for calibrating the diagnostic thunderstorm data to be consistent in occurrence frequency with observations-based thunderstorm data at individual locations.

The analysis of the BTE dataset presented in Section 3 is focussed on Probability of Detection (POD; Equation 2). As the threshold used for the diagnostic is that which gives the same number of events as observed at a given location, the number of missed events equals the number of false alarms. Consequently, for this method the False Alarm Ratio (FAR; Equation 3) is equal to 1 – POD (i.e., higher POD corresponds to lower FAR).
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Although thunderstorm-related hazards such as lightning can sometimes occur at the same time as the diagnostic exceeds its threshold values, hazards can also occur at other times such as during subsequent hours. This relates to CAPE typically maximizing around the early stages of the lifecycle of a thunderstorm whereas severe weather and hazards such as lightning may be more likely to occur during subsequent stages when the convective system is more mature. As such, for a given location, a time step for which a diagnostic is above its threshold value is considered indicative of the potential for thunderstorm occurrence, with the BTE dataset having a value of 1 for that time step (or a zero value if not), while noting potential for hazards to also occur at other times around this.

The method will result in the same threshold value of a diagnostic regardless of the timing difference between the environmental conditions and the observations-based thunderstorm data. This is because the diagnostic threshold is based on the ranking of its values, with the threshold set to give the same number of indicative lightning events to equal the number of observed lightning events. For example of a single grid cell, the frequency of observed lightning events is the same regardless of the time lag used for the diagnostic, such that the diagnostic threshold is not dependent on the time lag. However, the time lag influences the matching of the diagnostic events to the observed events such as shown by the POD values. See Section 3.1 for further details.




3 Analysis


3.1 Diagnostic thresholds calibrated to observations 2012–2023

Figure 1 shows analysis based on applying the diagnostic method to ERA5 data from 2012 to 2023 (representing the time period of available lightning data for this). Maps are presented for the observed occurrence frequency of thunderstorm environments (Figure 1A) calculated using the method described in section 2.1, the thresholds of the diagnostic (Figure 1B) calculated using the method described in section 2.3, as well as the resultant POD values that indicate how well the thunderstorm environments (as represented by a value of 1 in the BTE dataset) match the observed thunderstorm occurrences (Figure 1C) calculated using Equation 2.


[image: Figure 1]
FIGURE 1
 Analysis of the thunderstorm environmental diagnostic. The average annual number of thunderstorm environments is shown (A), using lightning observations aggregated on 6-hourly time steps during the period 2012–2023, calculated following the method as detailed in section 2.1. Threshold values of the diagnostic are presented (B) calculated following the method as detailed in section 2.3. The Probability of Detection (POD) is shown based on using the diagnostic to estimate the observed thunderstorm environment occurrences (C) calculated using Equation 2.


The spatial distribution of observed thunderstorm environments is broadly similar to previous global studies such as Virts et al. (2013) in terms of regions that tend to have the higher numbers of thunderstorm environments occurring, such as around the tropical land regions and the southeast Asia “maritime continent” region (Figure 1A). Regions where very few lightning events occur include the Southern Ocean, some eastern regions of ocean basins, regions of the Arctic Ocean, and small parts of northern Africa around Egypt.

The threshold values of the diagnostic tend to be larger in the tropics, with lower values in the higher latitudes in general (Figure 1B). This diagnostic method correctly indicates the occurrence of thunderstorm environments at a given location about 30–70% of the time throughout the land regions, based on systematically testing this for each 6-hourly time step from 2012 to 2023, as shown by the POD values (Figure 1C). Lower POD values generally occur in maritime regions and regions where the lightning occurren-ce frequency is relatively low (such as northeast Africa as discussed from Figure 1A). The POD values are 45% on average for the entire region shown, including 56% on average for land regions and 36% on average for ocean regions.

As noted previously, there are various fine-scale physical processes associated with thunderstorm formation (such as relating to turbulence and microphysics) that are not able to be accurately simulated by currently available modeling approaches, including for reanalysis data as used here (Droegemeier and Wilhelmson, 1987; Tippett et al., 2015; Hoogewind et al., 2017; Gutowski et al., 2020). Additionally, environmental diagnostic methods are also not intended to provide complete and precise representation of all processes contributing to thunderstorm formation (Brooks et al., 2003; Allen and Karoly, 2014; King et al., 2017; Miller and Mote, 2018; Dowdy, 2020), with POD values in Figure 1C reflecting these limitations in reanalysis data and in environmental diagnostic approaches. Therefore, results should be interpreted accordingly, as an estimate of the occurrence of environmental conditions conducive to thunderstorm formation, with awareness of the uncertainties mentioned above.

The imperfection in data and methods is the reason why the calibration is applied here at each individual grid cell location. As was detailed in Section 2.3, the calibration results in the occurrence frequency of thunderstorm environments indicated by the diagnostic method being equal to the occurrence frequency of the observed thunderstorms based on lightning data. The thunderstorm environments indicated by the diagnostic comprise of correctly identified events (as used to calculate POD from Equation 2) as well as false alarms (as used to calculate FAR from Equation 3), noting that FAR = 1 – POD for the method used here. For example, land regions have a POD of 56% on average for the entire region shown (Figure 1C) such that the FAR is 44%. The BTE dataset therefore comprises both correctly identified events as well as false alarms, noting that the sum of those occurrence frequencies during the period 2008–2023 is equal to the occurrence frequency of observed thunderstorm based on the lightning data (as demonstrated in the following section). False alarms are cases where the product of CAPE and wind shear (as calculated from Equation 1) exceeded the threshold value for a given location, thereby providing an estimated occurrence of an environment conducive to thunderstorm formation, even though lightning was not recorded for that case. There are various reasons why lightning might not be recorded including potential for environments conducive to thunderstorm formation to not always result in lightning occurrence as well as imperfect detection efficiencies of the sensors in the ground-based network used for WWLNN lightning observations (Virts et al., 2013).

The correctly identified thunderstorms using this method account for 65% of all lightning strokes based on the WWLLN data throughout the region, which is higher than the 45% POD value as the method is more successful in indicating thunderstorms with lots of lightning strokes rather than those with relatively few lightning strokes. Various different time lags between the lightning and the diagnostic were checked in this study here. Some improvements were indicated when the diagnostic is lagged earlier than the lightning data, such as for lightning aggregated in the 6-h period after the timing of the diagnostic data (i.e., lightning aggregated from 0000–0559, 0600–1159, 1200–1759 and 1800–2359 UTC) which accounts for 67% of all lightning strokes but still only 45% POD. However, as these differences are found here to be relatively small, a time step for which a diagnostic is above its threshold value is considered indicative of the potential for thunderstorm occurrence, while noting potential for hazards to occur at other times around this including during subsequent hours.



3.2 Application of diagnostic to ERA5 reanalysis 1979–2023

In the previous section, the diagnostic was applied to ERA5 reanalysis data for 2012–2023, as that was the period of available lightning data used to indicate the observed thunderstorm environments. As an example of climate analysis using this dataset, this section examines the average number of thunderstorm environments per year based on applying the diagnostic method to a longer period of ERA5 reanalysis data back to 1979.

Figure 2 presents the average annual number of diagnostic thunderstorm environments for the period 1979–2023, mapped throughout the region covered by the dataset (i.e., all tropical and midlatitude regions globally). The values shown in Figure 2 were calculated by counting at each individual grid cell the total number of thunderstorm environments indicated by the diagnostic method, then dividing that total count value by the number of years (i.e., 44 years from 1979 to 2023), thereby providing the average annual number of diagnostic thunderstorm environments during that time period. This map shows similar features to those seen in the observations-based results for thunderstorm environments (based on lightning occurrence 2012–2023) as was presented in Figure 1A. Similar to what was noted in relation to Figure 1A, the features in Figure 2 are broadly consistent with previous studies (Virts et al., 2013; Dowdy, 2020; Dowdy and Brown, 2023). This includes regions with higher amounts of thunderstorms particularly around tropical land regions and southeast Asia maritime regions, as well as regions having very few thunderstorms in the Southern Ocean, some eastern regions of ocean basins, regions of the Arctic Ocean and small parts of northern Africa around Egypt.
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FIGURE 2
 The average annual number of thunderstorm environments indicated by the diagnostic method applied to ERA5 reanalysis data for the period 1979–2023.


The previous dataset of thunderstorm environments (Dowdy, 2020) was only for the Australian region as it used lightning observations from an Australian sensor network, whereas this update uses the WWLLN network of lightning sensors that provide global coverage. This means that comparisons between the previous dataset and the updated dataset can be done for the Australian region. Although some differences are expected, including due to using different data for the lightning and for the reanalysis, the results show general similarities of features. For example, as shown in Figure 1 here, as well as Figure 1 of Dowdy (2020) for the previous dataset, the occurrence frequencies of events based on lightning observations show higher values typically in the northern and eastern parts of Australia (ranging from about 200 to 500 events per year in most locations), with the lower values in the southern and southwest regions (ranging from about 50 to 100 events per year in most locations), based on the 6-hourly time steps used. The diagnostic threshold values for Australia range from about 300 to 10,000 here (Figure 1B) which is somewhat lower than for the previous version of the dataset where the threshold values for Australian locations ranged from about 1,000 to 50,000, with differences in threshold value expected due to the use of different reanalysis datasets. The POD values over Australia range from about 30% to 70% in most locations and tend to be somewhat higher in northern regions with lower values in parts of inland Australia. The resultant occurrence frequencies of thunderstorm environments based on the diagnostic method is similar in both cases, associated with the calibration method applied to match the occurrence frequency of observed events based on lightning data. For example, this is shown in Figure 2 here for the updated dataset and in Figure 1D of Dowdy (2020) for the previous dataset, both of which show occurrence frequencies consistent with the observations-based occurrence frequencies (i.e., about 200–500 events per year in northern and eastern Australia, as well as about 50–100 events per year in southern and southwest regions based on the 6-hourly time steps used).

As detailed in Dowdy and Brown (2023), the diagnostic method was designed to be suitable for application to coarse-resolution gridded data including reanalyses as well as global climate model (GCM) data. An example of applying the diagnostic method to data from a relatively old set of GCMs [known as CMIP5: Taylor et al. (2012)] is presented in Supplementary material. This is mentioned here in relation to potential future steps that could build on this approach including to also apply the diagnostic method to data based on the current set of GCMs known as CMIP6 (O'Neill et al., 2016).

The BTE dataset described in this report, based on applying the diagnostic method to ERA5 reanalysis, was designed to be useful for broadscale climate analysis similar to how the previous dataset version was used. It is intended that this updated dataset will be useful for subsequent research, such as potentially for results on long-term climate trend as well as for results on how modes of atmospheric and oceanic climate variability such as the El Nino-Southern Oscillation (ENSO) may influence thunderstorm conditions (Dowdy, 2020; Pepler et al., 2020, 2021; Canadell et al., 2021; Fiddes et al., 2021; van Rensch et al., 2023; Fu et al., 2024). Further research could potentially examine other diagnostics, noting a wide range that have previously been considered relating to thermodynamics and dynamics of thunderstorm formation such as various metrics relating to humidity (e.g., profiles of dewpoint or relative humidity), convective inhibition (CIN), thunderstorm initiation mechanisms for triggering initial updrafts, lifted condensation level (LCL), level of free convection (LFC), (Droegemeier and Wilhelmson, 1987; Doswell III, 2001; Brooks et al., 2003; Allen and Karoly, 2014; Tippett et al., 2015; Hoogewind et al., 2017; King et al., 2017; Miller and Mote, 2018; Luhar et al., 2021; Dowdy and Brown, 2023). Some studies such as those mentioned here show that the more severe types of storms such as mesoscale convective systems and supercells other have favorable conditions that include dynamic wind aspects (e.g., as indicated from storm relative helicity and associated hodograph analysis results), however, such analysis of severe storm types is not intended in the scope of this report. This BTE dataset is not designed to specifically represent severe thunderstorms in contrast to some other studies [e.g., Allen and Karoly (2014)], as it is designed to provide estimates of environments conducive to thunderstorm formation as represented by CAPE and vertical wind shear through the world using the new ERA5 reanalysis dataset. This BTE dataset could also potentially be updated further in the future, such as with more data from subsequent years as they become available.
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