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Abstract. Operational weather forecasting in Switzerland currently lacks targeted diagnostic tools for severe convective gusts,

leaving their occurrence and detailed physical properties insufficiently quantified. In this study, we perform case studies of wind

gust-producing convective cells to link 3D C-band polarimetric radar signatures and lightning with gust occurrence. We find that

reflectivity cores, KDP cores, and mid-altitude radial convergence are linked to surface wind gusts. These associations informed

the development of the Burstinator, a Random Forest machine-learning model designed to distinguish between thunderstorms5

with and without severe gusts. The Burstinator yields a 0.66 detection probability paired with a false alarm rate of 0.08,

demonstrating superior skill over the baseline WDRAFT. Predictor importance analysis indicates that radar-based features

are the top predictors. Finally, we apply the Burstinator to a two-year dataset of 5-min resolution radar data to characterize

the spatial distribution of the convective gust frequency. Our findings highlight how integrating machine learning with dual-

polarization radar and lightning observations can advance convective wind detection and severe weather monitoring across10

Switzerland.

1 Introduction

Downbursts caused by severe thunderstorms can produce straight-line wind gusts on the surface, which pose risks to buildings,

infrastructure, and human safety in Europe. Of all weather-related hazards, wind gusts cause the most injuries and the second

most fatalities in Europe (Pilorz et al., 2023). While extensive investigation into convective wind hazards has historically15

centered on North America, European scientific literature on downburst dynamics remains comparatively sparse, with few

operational classification tools deployed across European weather services (Pistotnik et al., 2011; MétéoSuisse, 2024; Parodi

et al., 2019; Fujita, 1981; Pilorz et al., 2023).

Wet downbursts are intense downdrafts driven by strong negative buoyancy resulting from evaporative cooling and hydrom-

eteor loading (Böhm, 1992; Markowski and Richardson, 2010). These events are subclassified into microbursts when smaller20

in horizontal diameter than 4 km, and macrobursts when they are larger (Fujita, 1990). Researchers in the United States have

studied the wind fields and environmental characteristics linked to downbursts (Fujita, 1981; Fujita and Wakimoto, 1981;
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Atkins and Wakimoto, 1991; Kuster et al., 2016; Mahale et al., 2016), and identified precursors, such as localized peaks in

reflectivity, in specific differential phase shift (KDP), and in mid-altitude radial convergence (MARC), along with differential

reflectivity (ZDR) holes, and lightning activity (Kuster et al., 2016, 2021; Mahale et al., 2016; Amiot et al., 2019; Farnell et al.,25

2017; Williams et al., 1989). Furthermore, increased lightning activity is linked to the occurrence of severe convective events

such as downbursts (Baker et al., 1999; Williams et al., 1989; Farnell et al., 2017).

Nevertheless, only a limited number of algorithms explicitly target the detection or prediction of convective surface wind

gusts. Most operational algorithms aim to capture the generalized severity of a convective system, hail, or intense precipitation

events. Some efforts have been made focusing on convective surface wind gusts: Smith et al. (2004) designed a downburst pre-30

diction and detection algorithm by applying a linear discriminant analysis on reflectivity, Doppler velocity, and environmental

predictors; and recently, Xiao et al. (2023) developed a deep-learning model on radar reflectivity for minute-level convective

gust nowcasting in Eastern China, using interpolations of measured surface wind speeds as the ground truth.

A key reason for the limited number of such algorithms lies in observational constraints. The main factor limiting studies of

downburst occurrences is the lack of data, as there is no gridded ground reference for maximum gusts available. Until recently,35

only measurements by stations and European Severe Weather Database (ESWD) reports could be used as reliable markers

for convective wind gusts. In Switzerland, users can report severe wind among other weather events using the MeteoSwiss

application since fall 2021 (MeteoSwiss, 2026). The addition of crowd-sourced reports increases the usable data considerably.

We hereby make an attempt using these crowd-sourced wind data to derive additional data points for convective winds.

In addition to the scarcity of ground observations, radar-based detection is challenged by inherent measurement limitations.40

A common limitation of weather radars in complex terrain is beam blockage by the orography, which motivated the placement

of Swiss radars at higher altitudes (Germann et al., 2022). Positioning weather radars at higher elevations minimizes beam

blockage at the expense of losing near-surface scanning coverage (Germann et al., 2022). Further limitations include beam

broadening and increasing elevation with distance, attenuation by heavy precipitation, and folded Doppler velocity values

due to Nyquist velocity overshoot (Fabry, 2015; Feldmann et al., 2020). These factors complicate the linkage between radar-45

observed signatures and surface-level wind gusts.

Given these challenges, machine learning has recently attracted attention as a promising approach to optimizing conventional

extrapolation methods and potentially improving warning accuracy for convection-related hazards (Prudden et al., 2020). Ma-

chine learning has been successfully applied to various severe weather problems (e.g., Hill et al. (2020); Hill and Schumacher

(2021); Gensini et al. (2021); Loken et al. (2022); Gagne et al. (2017); McGovern et al. (2017)), as it can integrate hetero-50

geneous data sources and capture non-linear relationships. For example, Leinonen et al. (2023) developed a neural network

architecture for multi-hazard 2D forecasting in the Swiss radar domain, and Wolfensberger et al. (2021) applied a polarimetric-

radar-based Random Forest regressor to refine precipitation estimations.

Most existing radar studies on convective wind gusts focus on flat orographic settings in the United States, leaving a research

gap regarding convective gust detection across complex terrain, such as in Switzerland. Linking radar patterns to wind gusts is55

a relatively unexplored subject. Consequently, evaluating the extent to which observations from high-altitude radars can yield
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meaningful indicators of damaging ground-level downburst outflow remains a critical research objective. The Swiss radar

network, characterized by its placement in complex orography, provides a unique opportunity to address this question.

We aim to tackle the prevalent absence of a convective wind product in Switzerland by proposing a diagnostic algorithm and

by pursuing the following research questions:60

A) Which radar signatures are indicative of convective surface wind gusts in Switzerland?

B) In terms of storm properties, how are thunderstorms that we labeled ’gust-producing’ in our dataset different from

thunderstorms that we labeled ’non-gust-producing’?

C) Can a Random Forest model trained on radar and lightning data reliably distinguish between thunderstorms that produce

wind gusts and those that do not, and does it achieve satisfactory predictive performance?65

D) Where in the Swiss radar domain were convective gusts most active between 2024 and 2025?

2 Data

The dataset covers five consecutive warm seasons (May through October, 2019-2023) extending up to a range of 140 km across

the Swiss radar domain (see Fig. 12).

2.1 Radar data70

Operational weather monitoring by MeteoSwiss relies on a network of five dual-polarization C-band Doppler radars, which

scan up to a 246 km range across 20 elevation angles (-0.5◦ to 40◦) at 5-min intervals (Germann et al., 2022). Polar radar

measurements are collected at a gate resolution of 500 m in range by 1◦ in azimuth (Germann et al., 2016). We utilize reflectivity

(Z), radial velocity (VD), and the uncorrected differential phase (ΦDP). Convective storm boundaries were identified using

Thunderstorms radar tracking (TRT), the MeteoSwiss product for cell tracking (Hering et al., 2004; Feldmann et al., 2023).75

TRT relies on dynamic reflectivity thresholds that adjust according to the evolutionary stage of the thunderstorm. We calculated

KDP by applying the Vulpiani method (Vulpiani et al., 2012) on the uncorrected differential phase (ΦDP), and we derived radial

shear (RS) using the linear least squares derivative on radial velocity (VD) (Feldmann, 2023; Mahalik et al., 2019; Smith et al.,

2021).

2.2 Surface measurements80

We use the maximum 1-second gust at a temporal resolution of 10 min from official weather service stations in Switzerland

and in Germany, Italy, and Austria, located within 20 km of Switzerland. To match the 5-min update cycle of the radar, we

mapped each 10-min maximum station gust measurement across three consecutive radar scans. Each radar timestep is assigned

the maximum gust value from the temporally closest overlapping 10-min intervals. Data processing involves rejecting all non-

severe wind values (<25 ms−1) (Markowski and Richardson, 2010), and all non-plausible values (>61 ms−1). The validity85

range of the Swiss anemometers ends at 60 ms−1. We set the upper boundary to 61 ms−1, because a station measured 60.3

ms−1 during the devastating La Chaux-de-Fonds thunderstorm in 2023 - a value declared valid later (MétéoSuisse, 2024).
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Stations >1500 m a.s.l., and all stations in the Alpine range are excluded, because they might be influenced by lower free

tropospheric winds (Brönnimann, 2020).

2.3 Crowd-sourced data90

Category Description

Gentle breeze Small twigs constantly moving

Strong breeze Strong branches moving

Stormy wind Breaking of thin branches, garden furniture blown over

Storm Breaking of strong branches, damage to houses

Hurricane Large trees uprooted, roofs damaged

Table 1. Crowd-sources wind report categories and descriptions.

Table 1 shows the crowd-sourced wind report categories from the MeteoSwiss application, given by a qualitative expression

of the wind damage. We used the categories ’Strong breeze’, ’Stormy wind’, ’Storm’, and ’Hurricane’. To belong to the gust-

positive category, at least ’Storm’ must be achieved. Because crowd-sourced wind reports launched in October 2021, we also

incorporated 40 ESWD reports from 2019 to October 2021 (Dotzek et al., 2009). To align non-station observational data with

the 5-min update interval of the radar network, both ESWD entries and crowd-sourced reports were mapped to the closest 5-95

min UTC timestep. We included crowd-sourced wind reports from the adjacent countries to Switzerland, because we excluded

all stations, crowd-sourced reports, and ESWD reports from the Alpine range.

2.4 Lightning data

The lightning data stem from the company Météorage, which operates a network of lightning detection sensors detecting

Cloud-to-Ground strokes and Intra-Cloud pulses, estimating their location, polarization, and current, and grouping them into100

flashes (Pédeboy et al., 2018; Bonnet, 2019). The localization technique combines a triangulation of the time measurements

of the arriving electromagnetic waves with a measurement of the incoming wave direction (Erdmann et al., 2020). Lightning

location metrics exhibit a median spatial error margin of 100–500 m and timestamping accuracy within 50 ns (Schulz et al.,

2016).

2.5 Dataset properties105

We refer to cells as the areas of thunderstorms that are outlined by the TRT algorithm, and we refer to a cell at one 5-min

timestep as an event. Events can be either positive, meaning the cell caused a severe gust; negative, meaning the cell did not
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cause a severe gust; or uncertain. Our approach to defining thunderstorm cells as either gust-positive or gust-negative for a

given timestep is outlined in the methods section.

Figure 1. Characteristics of gust-positive and gust-negative thunderstorm cells. Subplots (a), (b), and (d) display Kernel Density Estimates

(KDE), where contour lines delimit smoothed regions of uniform probability density. Five contour lines divide the plots into six distinct

zones of ascending probability density. As an illustration, the center-most zone contains 16.66 % of the dataset, while the next surrounding

zone accounts for 33.33 %. Subplot (c) is a histogram featuring a logarithmic scale on the x-axis. A small number of extreme positive events

exceed 2000 total lightning strikes; nevertheless, the horizontal axis is truncated at 2000 to preserve visual legibility.

Figure 1 illustrates the storm characteristics associated with both gust-producing and non-gust-producing convective events110

within our dataset. Positive events have a stronger mean north-eastward motion than negative events (Fig. 1a). Since this is the

predominant storm motion direction in Switzerland, this emphasizes faster storm motion. Fast-moving storms are more likely

to produce severe surface gusts due to the downward transport of momentum. While non-gust events generally maintain VIL

levels below 10 kgm−2, gust-producing convective cells accumulate higher VIL masses alongside higher maximum reflectivity

profiles. (Fig. 1b). Figure 1c shows a bulk of positive events that have 100-500 lightning strikes, while negative events have115
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fewer lightning strikes. In contrast to gust-negative thunderstorms that usually attain maximum 15 dBZ echo top heights of 5 to

10 km, gust-positive cells are taller and can ascend to 15 km. (Fig. 1d). The >45 dBZ reflectivity area is also larger for positive

events than for negative events.

3 Methods

3.1 Ground truth dataset120

Figure 2. Ground truth labeling schematic. The non-gust-cell condition was only applied from 2022 to 2023 and between 06:00 and 22:00

local time, as crowd-sourced wind reports were launched in October 2021. If none of the shown conditions apply, the event is labeled

uncertain and is excluded.

A gust marker is either a station showing >25 ms−1 wind, a crowd-sourced severe wind report, or an ESWD severe wind

report. Whenever the required number of source-specific gust markers falls within the designated spatial buffer surrounding a

TRT cell boundary, we attribute the gust to convective storm dynamics and classify the cell as gust-positive for that timestep

(Fig. 2). A cell is labeled a positive event if a station showing >25 ms−1 is within 10 km distance, or if two crowd-sourced

reports (one of which is stronger or equal to ’Storm’ and the other is stronger or equal to ’Strong breeze’) are within 5 km125

distance, or if one ESWD report is within 5 km distance. We chose an increased spatial buffer for the stations because they

are more reliable than reports. The trustworthiness of the gust marker source influences the buffer distance because we want to

generate a sufficiently large dataset. In cases where a gust marker lies near two or more candidate cells, attribution is prioritized

to the most mature cell.

Figure 3 displays the counts of gust markers that were attributed to positive events for each year and month. While station130

data span the entire 5-year period, crowd-sourced reports started in late October 2021. The information gain due to crowd-
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Figure 3. Cumulative bulk of stations, ESWD, and crowd-sourced reports attributed to cells, which we defined as gust-positive, per month

and year. A cell can bind multiple stations, ESWD, and crowd-sourced reports at the same time. All cell-associated gust markers are stacked

in this plot. Crowd-sourced reports of ’strong breeze’ and ’stormy wind’ are not shown.

sourcing is especially pronounced in June, July, and August of 2022 and 2023. After crowd-sourcing was introduced, the

number of gust markers roughly doubled.

For a negative label, the cell centroid must overlay a region of >1000 inhabitants per km2 while maintaining an absence

of gust markers in the designated buffer zones (Fig. 2). A population density threshold is chosen to increase certainty that the135

thunderstorm did not cause convective gusts, rather than the gust remaining unnoticed by the population. Negative labeling

was applied exclusively during daytime hours (06:00 to 22:00 UTC), when an active population is expected to submit reports

during severe wind events.

Figure 4a depicts the gust-positive events, which are densely spread in the Ticino region south of the Alps. The gust-negative

events are shown in Figure 4b, and highlight the most populated areas in Switzerland, since they are defined only for these140

areas (see Fig. 2). Most negative events are situated on the Swiss plateau to the North of the Alps, whereas the North-South

distribution is more balanced in the positives.
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Figure 4. The black dots represent the Swiss radars. Subplot (a) shows the centroids of the TRT cells labeled as gust-positive for the period

2019 to 2023. Subplot (b) shows the centroids of the TRT cells labeled gust-negative for the same period.

3.2 Random forest classifier

Random Forests combine multiple decision trees constructed from random subsamples of the dataset, utilizing a randomized

subset of predictors to evaluate every split (Breiman, 2001). It has been shown that Random Forests are especially successful145

with large numbers of variables and are broad enough to adapt to various classification problems, since the element of random-

ness makes Random Forests especially resistant to overfitting (Biau and Scornet, 2016). We aimed to optimize the Random

Forest on the Critical Success Index (CSI) (see Appendix B). A high CSI indicates good detection probability and few false

alarms. Predictor selection was informed by the case study analyses demonstrating that enhanced reflectivity, KDP, and mid-

altitude radial shear act as radar indicators of downbursts. We remapped polarimetric reflectivity, KDP, and radial shear data150

from the original single-radar polar space onto a gridded Cartesian 3D field for the extraction of radar predictors. The 3D grid

has a horizontal resolution of 1000 m onto 1000 m, and a vertical resolution of 200 m. A detailed description of the radar pre-

dictor extraction process is contained in Aregger et al. (2026). Each gate is transferred to its respective location in the gridded

3D field. In instances where multiple radar gates coincide within the same Cartesian grid box, the maximum observed value

is retained. The final volume-integrated predictors were then extracted for each cell and timestep. All predictors are described155

in Appendix (Table B1). In addition, we added lagged predictors for Intra-cloud lightning and total lightning. Lags are values

from previous timesteps, so, for example, lag 1 is taken from the state of the cell 5 min before the valid time.

Figure 5 depicts the workflow. We iteratively replaced missing predictor values using a Bayesian ridge. To maintain dataset

integrity, we excluded cells exhibiting opposing gust labels within a 15-min window, as well as cells younger than 15 min,

which lacked defined values for the 15-min lagged predictors. Because events in the training set should ideally be uncorrelated160
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Figure 5. Workflow architecture

to events in the test set, we assigned cells for their entire lifespan to a single dataset split (Chase et al., 2022). All case study

cells were assigned to the validation set. The dataset was partitioned into approximately 70 % training, 10 % validation, and 20

% testing subsets through stratification by gust label to preserve proportional positive-to-negative event ratios. Then, all case

study cells were allocated to the validation set, thereby increasing the positive-to-negative ratio to 0.51. Cross-validation is a

data resampling method and can be used to tune hyperparameters and to reduce overfitting (Berrar, 2019). We performed a165

stratified 7-fold random subsampling cross-validation on the training set to assess the generalization ability of our model (Fig.

5).

3.3 Predictor importance

We assessed predictor importance using permutation-based and SHAP-based ranking methods. Permutation importance quan-

tifies the drop in model performance after randomly permuting a predictor, thereby breaking its association with the response170

(Gregorutti et al., 2017). We use the single-pass approach, which permutes each predictor independently, and the multi-pass ap-

proach, which successively retains already identified important predictors as they are permuted, to better account for correlated
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features. In addition, we computed SHAP importance, which is based on Shapley-value theory and summarizes each predic-

tor’s average absolute contribution to the model predictions, providing a complementary attribution-based ranking (Lundberg

and Lee, 2017).175

3.4 Baseline WDRAFT

To provide a quantitative reference point for evaluating our model, we required a baseline. Formulated by Steward (1991),

the wind gust estimator w (ms−1) functions as a gridded, column-integrated product intended to quantify downdraft velocity

inside a convective precipitation shaft. It is based on the "Cloud Top Penetrative Downdraft Mechanism" and indicates a strong

downward velocity when VIL (Vertically Integrated Liquid) is high and EchoTop is low. The equation for w is as follows:180

w= ((20.63ms−2)(V IL)− (3.125 · 10−6s−2)(EchoTop)2)0.5

MeteoSwiss has been using WDRAFT (ms−1), which is an adaptation of w using EchoTop20 and an additional cell dis-

placement velocity (in ms−1) term since 2012 (Trefalt, 2017) (Appendix A). Although w as an approximation of the "Cloud

Top Penetrative Downdraft Mechanism" was successfully implemented in the United States, WDRAFT did not perform satis-

factorily in Switzerland. Due to EchoTop frequently overshooting the velocity term, the following extraction of the square root

of the resulting negative number generates an error. Thus, we removed the squaring of EchoTop, which improved WDRAFT’s185

performance in Switzerland and provided a sufficient baseline for our studies:

WDRAFT=
(
20.63ms−2 ·V IL− 3.125× 10−6s−2 ·EchoTop20

)0.5
+

velocity

10.8

We decided to use WDRAFT to investigate whether a machine learning approach combined with a variety of predictors

performs better than a more "simple" approach. We define WDRAFT as gust-indicating when it exceeds 25 ms−1 within a

TRT cell, constituting severe wind per definition (Markowski and Richardson, 2010).

4 Results190

4.1 Case study

The following case study shows the predictive potential of the selected variables. Figure 6 shows a cell over East Switzerland

on 2023-08-24 at 18:55 UTC. Stations measured up to 31.6 ms−1 winds, and crowd-sourced reports were issued around

the cell. The 1◦ Weissfluhgipfel scan shows strong gradients of opposing radar-relative velocities (Fig. 6a). Such areas are

highlighted by positive radial shear, indicating strong convergence within the thunderstorm (Fig. 6b). These convergent shear195

zones are associated with the pressure deficit induced by negatively buoyant air masses, which drag in surrounding air from the

upper levels. Furthermore, the Albis radar 1◦ scan captured >55 dBZ reflectivity, and KDP up to 5 ◦ km−1, indicating heavy

precipitation loading (Figs. 6c and 6d). The other case study cells showed similar radar properties concerning reflectivity, KDP,

and radial shear, as outlined in Ackermann (2025). These findings align with previous radar-based downburst observations
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Figure 6. Situation on 2023-08-24 at 18:55. (a) is the radial velocity measured by the Weissfluhgipfel 1◦ elevation scan. Red depicts

movement toward the radar, and blue movement away from the radar. The arrow indicates the cell displacement direction. The grey points

are crowd-sourced wind reports, stronger or equal to ’strong breeze’. The black dots are weather stations, and the values are the maximum

per-second wind gust speeds between 18:50 UTC and 19:00 UTC. Subplot (b) displays radial shear derived via the linear least squares

derivative operator from subplot (a), showing convergent radial shear in red and divergent radial shear in blue. (c) is reflectivity measured by

the Albis 1◦ elevation scan, and (d) is KDP measured by the same scan.

(Kuster et al., 2021; Mahale et al., 2016; Amiot et al., 2019). We also observed ZDR cores, indicating strong updrafts. However,200

we rarely observed a clear descending motion of reflectivity cores, KDP cores, or ZDR holes, as observed previously before

strong surface wind gusts (Isaminger, 1988; Kuster et al., 2021; Mahale et al., 2016).

Figure 7 shows how the Burstinator performs on the case study cell from Fig. 6. The severity of the cell intensified between

17:45 and 17:50 UTC. The Burstinator produced the first positive at 17:50 UTC, matching the true Gust_Flag. The SHAP

waterfall plot at 17:50 UTC (Fig. 7a) indicates that Z > 40 had the strongest impact on the positive prediction. At 18:55 UTC,205
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Figure 7. Temporal continuation of the case study cell from Fig. 6, assigned to the validation set. The plot shows the true Gust_Flag, the

Burstinator’s prediction, predicted probability, and the WDRAFT values. The waterfall plots are valid for 17:45 UTC (a) and for 18:55 UTC

(b). Date: 2023-08-24.

KDP > 1.5 had the strongest impact, and the Burstinator produced a true positive with a predicted probability of 1. The high

predicted probability also matched our understanding of the case, as the cell clearly induced damaging gusts at that time,

indicated by several crowd-sourced reports, and wind speeds of up to 31.6 ms−1 (Fig. 6a).
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4.2 Model performance and predictor importance

Figure 8. Confusion matrices and scores for the Burstinator (a) and WDRAFT (b) performing on the test set. The scores are defined in

Appendix B.

Precision POD/Recall F1-Score Support

Negative 0.92 0.98 0.95 592

Positive 0.92 0.66 0.77 157

Accuracy 0.92 749

Macro Average 0.92 0.82 0.86 749

Weighted Average 0.92 0.92 0.91 749

Table 2. Classification report for the Burstinator performing on the test set.

In figure 8, the confusion matrices for test set predictions by the Burstinator (Fig. 8a) and WDRAFT (Fig. 8b) reveal that210

while both models correctly identified 583 negative cases and yielded 9 false positives, the Burstinator demonstrated superior

capacity in identifying positive events, with 104 true positives compared to 36 for WDRAFT. WDRAFT produced considerably

more false negatives (121) than true positives, whereas the Burstinator reduced the number of false negatives to 53. Compared

to the baseline WDRAFT (POD: 0.23, FAR: 0.20), the scores indicate that the Burstinator yields a greater POD of 0.66 along

with a lower FAR of 0.08. Consequently, the Burstinator outscores WDRAFT in Critical Success Index with a CSI of 0.63215

versus 0.22. Moreover, a higher HSS of 0.72 for the Burstinator compared to 0.29 for WDRAFT demonstrates the machine-

learning framework’s refined skill in separating gust-positive from gust-negative events.
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Figure 9. Performance diagrams from the evaluation of the Burstinator against the test set, averaged over 100 runs. Subplot (a) illustrates the

Receiver Operating Characteristic (ROC) curve alongside a 68 % confidence interval, while subplot (b) presents the 10-bin calibration curve,

also showing the 68 % confidence intervals. (c) are the performance diagrams with corresponding CSI and frequency biases (FB) from the

Burstinator and WDRAFT. (d) is the precision-recall curve with the 68 % confidence intervals.
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Figure 9a highlights the discriminatory performance through the ROC curve, where a sharp upper-left corner and an AUC

of 0.94 confirm a strong true positive rate relative to false positives across all decision thresholds. Figure 9b illustrates model

calibration, indicating that while the Burstinator underestimates event likelihood in the 30–40 % predicted probability bin, it220

tends toward overconfidence when assigning probabilities of 60–80 %. Figure 9c is the performance diagram displaying the

Burstinator, having a frequency bias of around 0.75. WDRAFT has an even lower frequency bias of 0.25. Figure 9c indicates

that both models tend to underpredict positive events; however, the Burstinator is substantially closer to unbiased performance

than WDRAFT, which shows a much stronger underprediction. Figure 9d depicts the trade-off between precision and recall

across different thresholds, where the Burstinator has an average precision (AP) of 0.87. The Burstinator achieves a strong225

precision-recall balance overall, with an average precision of 0.87, whereas WDRAFT operates at high precision but very low

recall, indicating that it captures only a small fraction of the observed events.

Figure 10. Predictor importance charts. (a) and (b) display skexplain Permutation Importances computed from a subsample of 50 % of the

training data averaged over 50 permutation iterations. The evaluation metric is the area under the precision-recall curve (AUPRC). (a) is

the backward single-pass permutation importance, and (b) is the backward multipass permutation importance. (c) is the SHAP importance.

Each point is a single observation. The position on the x-axis denotes the SHAP value. Positive SHAP values correspond to a stronger push

towards a positive prediction. The colors denote the predictor values. The predictors are ranked by their mean absolute SHAP value.
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Figure 10a shows the backward single-pass permutation importance for the Burstinator, displaying the performance loss

when a single predictor is shuffled randomly. The most important predictors in Figure 10a are KDP (KDP > 1), radial shear

(RS > 2), and reflectivity (Z > 35). Figure 10b is the backward multi-pass permutation importance, where the predictors remain230

shuffled, starting with the most important single-pass permuted predictor. Among the most important predictors in Figure 10b

are KDP and radial shear predictors. Figure 10c is the SHAP predictor importance ranking, and shows KDP (KDP > 1 and

KDP > 1.5), and reflectivity (Z > 40) among the most important predictors. We deem the model physically coherent, as higher

reflectivity-, KDP- and radial shear values generally correspond to stronger positive prediction output (Fig. 10c). Noticeably,

all charts in Figure 10 display a mixture of KDP, reflectivity, and radial shear predictors among the most important features.235

Furthermore, the greater lags of lightning (e.g., TotL_lag3, or ICL_lag3) generally rank higher than unlagged lightning (TotL,

ICL, CGL), which is indicative of lightning jumps preceding storm hazards.

Figure 11. Temporal continuation of a TRT cell on 2023-07-12 in the validation set showing the true Gust_Flag, the Burstinator’s prediction,

predicted probability, and the WDRAFT values. The Burstinator produced a true negative at 13:20 (a) and a false positive at 14:40 (b). (a)

and (b) are SHAP waterfall plots showing the predictor values on the y-axis, and their impact on the model prediction.

Figure 11 shows examples of a true negative (Fig. 11a) and of a false positive (Fig. 11b) during the lifecycle of a thun-

derstorm, which was in the validation set. Some reflectivity predictors had a positive impact on the Burstinator’s prediction
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at 13:20 UTC, and WDRAFT exhibited >30 ms−1 (Fig. 11a). The event at 13:20 UTC had large precipitation content, indi-240

cated by high WDRAFT and high reflectivity in the Burstinator. At 14:40 UTC, the Burstinator predicted a positive by 89 %

probability, with all predictors indicating a gust-positive event by their SHAP values (Fig. 11b). In addition, WDRAFT also

exhibited >25 ms−1. Yet, this is labeled a negative event in the ground truth dataset because the cell had its center point in

a populated area, and no reports were issued. Thus, the Burstinator and WDRAFT hit a false alarm. However, regarding the

predicted probability of the Burstinator and the WDRAFT value, we assume a wrong label in the ground truth here.245
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4.3 Prediction of unseen data

4.5° E 6.0° E 7.5° E 9.0° E 10.5° E

45.0° N

46.0° N

47.0° N

48.0° N

0

2

4

6

8

10

12

14

16

18

Figure 12. Two-year convective downburst occurrence map. The colors denote the cumulative positions of the cell centroid during positive

predictions made by the Burstinator for 5-min TRT cells in the Swiss radar domain for 2024 and 2025, between May and October each year.

Figure 12 is the convective gust frequency map from 2024 to 2025, which we derived by predicting the binary gust class for

every 5-min TRT cell using the Burstinator. The Ticino and Northern Italy are the most active convective gust regions in the

Swiss radar domain. This is unsurprising, given that these regions are thunderstorm hotspots (Feldmann et al., 2023). North of

the Alps, local downburst frequency peaks are present close to the radars. Increased frequencies of downbursts around La Dôle250

and Albis match the spatial distribution of ordinary thunderstorms (Feldmann et al. (2023) fig. 3). In contrast, the frequencies

in the Northern prealps between Plaine Morte and Albis also match the spatial distribution of stronger thunderstorm types,

such as hail- or rainstorms. The Burstinator also predicts gusts in the Alpine range, although we removed all Alpine events

from the ground truth. Despite the Alpine range being less prone to severe thunderstorms, we nonetheless expect some strong

gust events.255
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Total Positive Negative Positive %

Events 655’237 10’080 645’157 1.5

Cell IDs 155’474 1’588 153’886 1.0

Table 3. Total positive and negative classifications generated by the Burstinator for all 5-min events and individual cell IDs evaluated on

unseen data spanning May through October across 2024 and 2025.

Table 3 shows the numbers of positive and negative predictions between May and October 2024 and 2025. The Burstinator

classifies 1.5 % of events as positive. Within this period, there were a total of 155’474 TRT cells in the Swiss radar domain.

Only a small fraction of 1 % of these TRT cells were classified gust-positive by the Burstinator during their lifespan. This is an

indication of not "over-warning".

5 Discussion260

We have outlined through previous case studies that reflectivity cores, KDP cores, and convergence are co-occurring with

strong surface wind gusts in Switzerland (Ackermann, 2025). While strong KDP signatures indicate high concentrations of

oblate raindrops (Frugis, 2020; Kuster et al., 2021) and high reflectivity denotes hydrometeor mass loading comprising hail

or graupel (Donaldson, 1961; Fabry, 2015), convergence marked by positive radial shear reflects air advection triggered by

dry-air entrainment or the low-pressure anomaly left by a descending cold pool (Funk et al., 1998; Hong et al., 2021; Lemon265

and Parker, 1996; Eilts et al., 1996).

Whereas reflectivity and KDP cores indicate heavy precipitation loading, large radial shear hints at the negative buoyancy.

These findings align with preexisting observations of wet downbursts (Kuster et al., 2016, 2021; Mahale et al., 2016; Markowski

and Richardson, 2010). We extracted reflectivity- KDP-, and radial shear predictors for model training because the case studies

showed that these radar parameters are indicative of downbursts in Switzerland.270

Training a model on downburst detection requires a reliable and sufficiently large ground truth of convective wind gusts.

Switzerland - in comparison to almost any other country - has an exceptionally dense measurement network. Nonetheless, con-

structing a ground-truth wind gust dataset is inherently challenging due to the absence of continuous gridded surface wind data

in Switzerland; consequently, positive labeling criteria represent a balance between minimizing false positive attributions and

preserving an adequately sized dataset for machine learning. Aside from stations and ESWD reports, the model is trained on275

extensive crowd-sourced data. Furthermore, without crowd-sourcing, negative labelling would have been impossible. Crowd-

sourced reports offer broad coverage and great spatiotemporal detail, but they are inherently uncertain and require quality

control (Aregger et al., 2026; Kopp et al., 2024). Models trained on such data should therefore be validated on independent

observations first. Crowd-sourced observations introduce potential uncertainties through subjective intensity overestimation, a

lack of direct mapping between qualitative damage classes and the 25 ms−1 severe wind threshold, and reporting time lags.280
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Temporal precision is further constrained by station measurement intervals (10-min maximum 1-second gusts), which compli-

cate precursor-to-downburst lag estimation. Moreover, spatial buffers for positive events and unverified reporting assumptions

for negative events in populated zones contribute to labeling noise, necessitating future dataset revisions — such as raising

population density cutoffs and tightening spatial margins — as longer observational archives become available. Figure 11

shows the difficulty of negative labelling: Despite the Burstinator and WDRAFT both strongly suggesting a positive event at,285

for example, 14:40 UTC (Fig. 11b), the event is labelled negative in the ground truth due to no nearby crowd-sourced wind

reports at that time.

Utilizing the ground-truth dataset, we trained a Random Forest model to identify gust-positive events; test set evaluations

demonstrate that the Burstinator achieves a higher POD and CSI alongside a lower FAR than the baseline WDRAFT — a

promising outcome given Switzerland’s lack of existing operational convective wind detectors. Although confusion matrices290

confirm that false negatives remain the primary limitation of the Burstinator, its frequency bias is closer to unity than that

of WDRAFT, which underpredicts positive cases far more frequently. The calibration curve indicates that the Burstinator is

overconfident in events with a 70-80 % probability of being positive and underconfident in events with a 30-40 % predicted

probability. An AUC of 0.94 demonstrates the Burstinator’s strong class discrimination, reflecting a 94 % probability that a

randomly chosen gust-positive event will receive a higher predicted probability score than a randomly chosen negative event.295

On one hand, we argue that the Burstinator performs well because we use a variety of sources to extract predictors, namely

reflectivity, radial velocity, KDP, and lightning. The feature importances reveal that KDP, radial shear, and reflectivity features

are the most important feature classes, whereas lightning is less important. Both permutation and SHAP ranking agree that

KDP (KDP > 1) is the most important feature. This result is expected, as KDP is generally regarded as a more robust radar

parameter for detecting heavy precipitation than reflectivity. At C-band wavelengths, heavy precipitation leads to significant300

radar attenuation, whereas KDP is largely unaffected by this attenuation.

The downburst frequency map aligns with the literature, revealing that the Southern Prealps and, to a lesser extent, the

Northern Prealps, show frequent downburst activity (Feldmann et al., 2023). Furthermore, our work complements the meso-

cyclone detection algorithm of Feldmann (2023) by extending detection capabilities from mid-level rotational signatures to

surface-impacting convective wind gusts. In summary, the machine learning framework demonstrates superior capability for305

radar- and lightning-based severe weather detection compared to traditional, single-formula estimators like WDRAFT.

From a climate-change perspective, convective wind gusts are thermodynamically expected to intensify in a warmer atmo-

sphere (Prein, 2023). However, projections for Europe remain uncertain due to intermodel and regional variability (Púčik et al.,

2017; Kotarba, 2026). This uncertainty underscores the importance of robust warning systems, both for future research and

for effective adaptation and preparedness. In addition, severe convective storms are often multi-hazard, as wind, precipitation,310

hail, and lightning commonly co-occur, and this is likely to remain relevant for future severe-weather risk.
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6 Conclusions

This study trained and validated the Burstinator Random Forest model to detect TRT cells causing wind gusts. We trained the

Burstinator on a five-year ground truth, which we built using crowd-sourced wind reports, station data, and ESWD reports. We

aimed to train a skillful model that is physically coherent and feasible to operate in real-time.315

First, we demonstrated that radar signatures linked to heavy precipitation loading and mid-altitude convergence are indicative

of downbursts in Switzerland. We then extracted these signature metrics for each gust-positive and gust-negative cell timestep,

utilizing them as predictors to train the Random Forest machine learning model. The radar products reflectivity and KDP capture

the heavy precipitation loading, and radial shear captures the descent of the cold pool. The combination of these radar predictors

with lightning predictors yielded satisfying results. The Burstinator shows superior skill in distinguishing gust-positive from320

gust-negative thunderstorms compared to the WDRAFT baseline (CSI of 0.63 vs 0.22). The impact of predictor values on

the prediction is physically coherent, and KDP (KDP > 1) emerged as the top predictor across both permutation and SHAP

importance.

To sum up, our work answers the research questions as follows:

A) Enhanced reflectivity, KDP, and convergent radial shear are indicative of wet downbursts or strong downdrafts in Switzer-325

land.

B) Gust-producing thunderstorms have higher precipitation loading, stronger north-eastward propagation, and show in-

creased lightning activity compared to gust-negative thunderstorms.

C) The random forest provides an effective underlying machine-learning framework. Combining radar with lightning predic-

tors generates a well-functioning algorithm. Our final product is more skilled in distinguishing gust-positive from gust-negative330

thunderstorms than the baseline.

D) The primary downburst hotspot is the Southern Prealpine range, and the secondary hotspot is the Northern Prealpine

range.

Our work attempts to use crowd-sourced wind reports and examines downbursts in Switzerland. We show that machine learn-

ing offers a robust framework for classifying convective storm cells based on their potential to produce damaging winds. The335

Burstinator Random Forest algorithm developed in this study can diagnose thunderstorms in real-time, is physically grounded

and interpretable, and can thus be applied as an operational product. However, uncertainties related to the ground truth must

be considered: The ground truth was constructed by linking gust markers to TRT storm cells; however, the dataset retains

uncertainties regarding report reliability, temporal accuracy, and the passive assumption that an absence of reports in populated

daytime areas implies no severe winds occurred.340

Despite this, we strongly encourage the use of crowd-sourced reports for model training, as they provide crucial data, making

machine learning more effective. Furthermore, using these untouched data, we developed a skillful algorithm in the field of

downburst detection - a field where operational products are scarce to non-existent.
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Code and data availability. The code is available at https://github.com/florianvalentinackermann-oss/Burstinator, the data is available at

10.5281/zenodo.22031097.345
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Appendix A: MeteoSwiss WDRAFT formula

WDRAFT =
(
20.63ms−2 ·V IL− 3.125× 10−6s−2 ·EchoTop202

)0.5
+

velocity

10.8
(A1)
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Appendix B: Full Predictor List

Predictor Description Source

Z > 35 Volume-integrated percentage of pixels where Z exceeds 35 dBZ Composite

Z > 40 Volume-integrated percentage of pixels where Z exceeds 40 dBZ Composite

Z > 45 Volume-integrated percentage of pixels where Z exceeds 45 dBZ Composite

Z EchoTop 45 Maximum height where Z equals 45 dBZ TRT Algorithm

Z COM alt Volume-integrated height of the center of mass of Z Composite

KDP > 0.5 Volume-integrated percentage of pixels where KDP exceeds 0.5 ◦ km−1 Composite

KDP > 1 Volume-integrated percentage of pixels where KDP exceeds 1 ◦ km−1 Composite

KDP > 1.5 Volume-integrated percentage of pixels where KDP exceeds 1.5 ◦ km−1 Composite

KDP > 2 Volume-integrated percentage of pixels where KDP exceeds 2 ◦ km−1 Composite

RS > 0.5 Volume-integrated percentage of pixels where radial shear exceeds 0.5 ms−1 km−1 Composite

RS > 1 Volume-integrated percentage of pixels where radial shear exceeds 1 ms−1 km−1 Composite

RS > 1.5 Volume-integrated percentage of pixels where radial shear exceeds 1.5 ms−1 km−1 Composite

RS > 2 Volume-integrated percentage of pixels where radial shear exceeds 2 ms−1 km−1 Composite

RS > 2.5 Volume-integrated percentage of pixels where radial shear exceeds 2.5 ms−1 km−1 Composite

RS max alt Volume-integrated height of the maximum radial shear value Composite

CGL Cloud-to-Ground lightning TRT Algorithm

ICL* Intra-Cloud lightning TRT Algorithm

TotL* Total lightning (CGL + ICL) TRT Algorithm

Table B1. Table overview of predictors, with asterisked predictors incorporating lagged values from 5, 10, and 15 min before the event time

step.
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Appendix C: Performance Metrics

We use the following scores to evaluate the Burstinator. Events associated with gusts are positives, whereas events unassociated350

with gusts are negatives.

Actual / Predicted Positive Negative

Positive True Positive (TP) False Negative (FN)

Negative False Positive (FP) True Negative (TN)

Table C1. Contingency table showing the terms and relationships of actual and predicted classes in a binary classification model.

POD/Recall =
TP

TP+FN
(C1)

Precision =
TP

TP+FP
(C2)

F1−Score = 2× Precision×POD

Precision+POD
(C3)

Accuracy =
TP+TN

TP+FP+TN+FN
(C4)355

Macro Average =
1

N

N∑

i=1

si where si is the score for class i (C5)

Weighted Average =
∑N

i=1wisi∑N
i=1wi

where wi is the support of class i (C6)

FAR=
FP

TP+FP
(C7)

CSI =
TP

TP+FP+FN
(C8)
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HSS =
2(TP×TN−FP×FN)

(TP+FN)(FN+TN)+ (TP+FN)(FP+TN)
(C9)360

FPR =
FP

FP+TN
(C10)

SR =
TP

TP+FP
(C11)
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