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Neural network-based approach
to evaluate convective hazards
frequency shift under

climate change

Mikhail Mozikov , Daria Taniushkina , Alexander Bulkin ,
Yuanchao Liu , Nazar Sotiriadi , Andrey Osiptsov ,
Roman Sultimov , Ilya Makarov and Yury Maximov *

This study addresses challenges in predicting extreme weather events, including
intense rainfall, hail, and strong winds. Such events pose significant threats to
infrastructure and human life, and their frequency has been increasing due
to climate change. We show, that integrating climate forecasts with modern
machine learning techniques improves prediction accuracy and helps identify
regions where these events may become more frequent and dangerous. To
achieve reliable predictions, we propose a robust neural network architecture
that outperforms several common baselines in accuracy and reliability. Our
model leverages problem-specific physics encapsulated in Coupled Model
Intercomparison Project data. The analysis also highlight the impact of rugged
terrain on the risk distribution of extreme weather events. The proposed model
has significant potential to support mid-term adaptation strategies in response
to climate change.
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1 Introduction

Severe convective storms (SCS) are characterized by intense thunderstorms and can
produce tornadoes, strong winds, hail, and heavy rainfall. Since 2020, the U.S. has incurred
$146.2 billion in losses from such storm-related phenomena [(NOAA National Centers for
Environmental Information (NCEI), 2024)], similar impacts are reported globally (Frame
et al., 2020; Kron et al., 2019; Lesk et al., 2016).

Understanding changes in the frequency of SCS and related hazards is essential
to minimize their harmful effects. Studies indicate that rising global temperatures may
influence the behavior and intensity of convective storms (IPCC, 2022; Raupach et al,,
2021), making accurate forecasting critical for infrastructure preparedness, urban planning,
and improved disaster response (IPCC, 2022).

Machine learning (ML) have great potential for providing accurate forecasts, but the
success strongly depends on data quality and volume. On one hand, collecting ground-truth
events for analysis of SCS-related hazards is challenging due to the short duration of these
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phenomena, the need for high-resolution observations, and
limitations of established country-level data collection pipelines
(Zabolotnikov, 2010). When working with observations alone, it
is also important to consider potential population and clustering
biases (Elmore et al, 2022). Although data collection methods
and tools have improved significantly in recent years, obtaining
historical event datasets with long time spans remains extremely
difficult. On the other hand, predictors for SCS-associated hazards
are often readily available, as climate modeling has received
substantial attention in recent years. A particularly notable
initiative in this area is the Coupled Model Intercomparison Project
(CMIP), which offers a diverse range of models that facilitate
assessment of essential climate indicators; however, the accuracy of
these predictors remain limited.

Machine learning is resource-intensive, both in terms of
data requirements and computational resources, yet it can be
more computationally efficient than traditional numerical weather
prediction (NWP) (Miyoshi et al., 2015). The integration of ML into
meteorology has already led to notable advancements (Bochenek
and Ustrnul, 2022), as evidenced by enhanced agro-meteorology
(Kelley et al., 2020) and precipitation forecasting (Choi et al., 2018).
Advanced ML methods applicable to weather forecasting include
transformer models (Nguyen et al., 2023; Shevchenko et al., 2024;
Pan et al., 2024), convolutional neural networks (Abdalla et al.,
2021; Morozov et al., 2023), recurrent neural networks (Mozikov
et al., 2023; Shevchenko et al., 2024; Zaytar and El Amrani, 2016;
Grabar et al., 2023; Farmanifard et al., 2023), generative adversarial
networks (Chen et al, 2019), and traditional ML approaches
(Czibula et al., 2021; Pilyugina et al., 2025; Taniushkina et al.,
2024; Tibau et al., 2021). Autoencoders are widely used for feature
extraction and noise reduction, but are less commonly applied in
climate analysis (Racah et al., 2017; Tibau et al., 2021).

An example of machine learning application for SCS-related
hazard forecasting is given in Zhou et al. (2019), where the
authors present a deep learning model for severe convective
weather (including short-duration heavy rain, hail, convective
gusts, and thunderstorms) based on NWP data with a 12-h lead
time. In Czernecki et al. (2019), the authors combine real-time
radar reflectivity, lightning frequency, and reanalysis datasets to
predict significant hail events. Whereas previous work has offered
relevant insights into various aspects of weather forecasting, our
study contributes to long-term assessment of SCS-related hazard
frequency. By leveraging ML techniques and the unique capabilities
of CMIP climate projections, we aim to provide valuable insights
into this underexplored area of research.

Our
is two-fold:

research  contributions to SCS-risk assessment

o designing a neural network specifically tailored for long-term
SCS-related hazard frequency risk,

e providing high-quality SCS-related hazard forecasts under
climate change with limited available data.

The paper is organized as follows. Section 2 provides a
summary of the research methodology, including details on the
data used, the problem setup, the metrics applied, and the
network architecture. Evaluation of the employed techniques
is presented in Section 3. Following this, Section 4 assesses
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the results, and outlines directions for future research. The
paper concludes with Section 5, discussing the limitations
of the current study, summarizing our findings and offering
final remarks.

2 Materials and methods

Our objective is to develop a machine learning model for
assessing SCS-related hazard risk within a defined area. The
approach leverages the physics encapsulated in CMIP models,
which use mathematical representations of fundamental laws of
physics and chemistry to simulate Earth climate system behavior.
This helps improve accuracy and partially addresses challenges
posed by limited data availability. Additionally, this synergy
improves the robustness of the machine learning methodology,
enabling more reliable predictions in the context of climate
dynamics; however, CMIP physics alone, without machine learning
adjustment, have limited power for hazards risk assessment due
to intrinsic simplification of complex dependencies, spatial and
geographical averaging. In this section, we provide a detailed
description of our approach.

2.1 Data

The study focuses on the region extending from the Caucasus
Mountains to the Ural Mountains, an area historically prone to
severe convective storms.

All SCS-related hazards are associated with cumulus congestus
or cumulonimbus clouds, which can reach heights of over
18 km in some cases (Krauss et al., 2007). To capture this
structure, we utilize data from multiple isobaric surfaces
different altitudes),
representation. Our climate data source is the Coupled Model
(CMIP5) output (Taylor
et al, 2012). A key advantage of CMIP models is rigorous

(ie., resulting in a three-dimensional

Intercomparison Project Phase 5

validation against historical observations. To the best of our
knowledge, CMIP outputs provide some of the most reliable
openly available climate projections. Numerous universities and
research institutions worldwide develop CMIP models based
on varying assumptions regarding climate change scenarios.
These scenarios range from adopting environmentally friendly
practices to the opposite extreme of continuous increases in
atmospheric emissions. The assumptions are categorized into four
representative concentration pathways (RCPs) corresponding to
various forcings.

For our study, we select Representative Concentration Pathway
8.5 (RCP 8.5), which is considered a worst-case option in CMIP 5.
Recent events worldwide, such as the EU energy U-turn (Liu et al.,
2023) and increased coal consumption in China (Chen et al., 2022),
are likely consistent with this emissions scenario.

It is important to note that a significant portion of SCS-
related hazards are typically associated with local weather patterns
(Prein and Holland, 2018). To avoid losing valuable information
due to low spatial density, we employ the simulation provided by
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the Meteorological Research Institute (MRI-CGCM3) in CMIP5
(Yukimoto et al., 2012b), which offers the best available spatial
resolution of 1° x 1°. Although this resolution does not explicitly
resolve convective-scale processes or simulate deep convection
directly, it effectively represents synoptic-scale patterns (i.e.,
moisture transport, jet positioning, baroclinic zones, etc.) that
modulate environments favorable for SCS development. The
features selected for model training include specific humidity,
temperature, and the two components of the wind vector, all
on 12 isobaric surfaces. These parameters are available at 6-h
temporal resolution.

A map illustrating the orography of this region, playing a
critical role in the prediction quality, is provided for visualization
purposes in Figure 1.

The target variable data were obtained from Rosgidromet
(All-Russia Hydrometeorological Data Research Institute, 2023),
which provides them in the form of telegrams using the KN-
01 format, a local adaptation of the SYNOP code (Zabolotnikov,
2010). Note that these data are only available at locations with
meteorological stations. In contrast, CMIP5 outputs are presented
on a regular grid. To ensure compatibility with the target data,

FIGURE 1
Orographic features of the Caucasus Mountains from https://
opentopomap.org.

10.3389/fclim.2026.1779183

we extract only the grid cells that contain meteorological stations
and their neighboring cells from the full simulation output
during preprocessing.

Figure 2 facilitates further analysis of the target data by
illustrating the distribution of atmospheric phenomena categories
classified by the KN-01 code. A considerable number of SCS-related
hazards fall into the “Showers” and “Thunderstorms” categories.
However, these categories occur less frequently than the cumulative
sum of other events and days without any event, indicating class
imbalance. Methods to address this issue are detailed in Section 2.2.

Figure 2 also visualizes the number of SCS-related hazards
(millions per year). A notable aspect of these data is a distinct,
and likely artificial, rise (Prein and Holland, 2018) in the number
of events around 1995, plausibly related to improvements in
observation tools and techniques. This spike is an important
consideration in the analysis of the dataset. Although, the time span
chosen for model training deliberately excludes this anomalous
period, helping ensure that training data remain representative of
typical conditions and improving model reliability.

Table 1 presents the complete list of variables and their sources
used in our research. The training dataset covers 2009-2018, the

TABLE 1 Description of the data sources.

Dataset Variables Time span

Rosgidromet meteorological SCS-related hazards 2009-2022
observations

(All-Russia
Hydrometeorological Data

Research Institute, 2023)

CMIP5 MRI-CGCM3 RCP8.5 u-component of wind 2009-2100

(Yukimoto et al., 2012a,b)

v-component of wind

specific humidity

temperature

CMIP5 MRI-CGCM3 RCP8.5 is utilized for feature extraction, and Rosgidromet data are used
for the target.

Percentage
- e oN N
o w o w
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Distant Precipitation
Ended Precipitation
Sandstorms/Blizzards
Fog
Drizzle
Rain
Snow
Showers
Thunderstorms

FIGURE 2

events happened around 1995.

Left: distribution of main categories of atmospheric phenomena according to the KN-01 code. SCS-related hazard events predominantly fall into the
“Showers” or “Thunderstorms” categories. The distribution reveals class imbalance, with a ratio of approximately 3:1 (no SCS : SCS). Right: the
number of SCS-related hazards for the studied region (millions per year). An phase transition representing a substantial increase in the number of
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FIGURE 3

Input format. Gridded CMIP5 data are transformed into a form
suitable for an autoencoder-based architecture. 3 x 3 cell blocks are
cut and stacked along the time axis. Red triangles denote the
location of the same station across different timestamps. Dimension
levels represents the 12 isobaric surfaces used.

validation set covers 2019-2020, and the test set covers 2021-
2022. Despite of climate change non-linearity, one-two decade
long period can be considered as a stationary time series, since
interannual variability substantially dominates non-linear climate
change effect (Samset et al., 2023). We also believe that due to the
high cost of capital and uncertainty in emissions scenario, a decade
or a sub-decade planning for adaptation period is the target of
this study.

In the autoencoder-based setting, for convenience of data
transmission to the neural network, one observation for one feature
is represented as [levels, (time x latitude), longitude], where:

o levels (shape of 12) represent selected isobaric surfaces, acting
as channels in image processing;

o time x latitude (shape of 4 X 3) represents features
corresponding to one day, concatenated along the time axis;

e longitude (shape of 3) refers to the longitude axis.

We provide a visual representation of the input format in
Figure 3. The station (represented by a red triangle) is centered in
the 3 x 3 block for the corresponding observation period, and the
surrounding cells are adjacent in the regular grid. Before feeding
data into the model, each feature is normalized by its mean value.
For a CatBoost baseline solution, a single observation is represented
as a one-dimensional vector of shape [layers X latitude x longitude
X time].

2.2 Problem statement

We aim to design a machine learning model for predicting
SCS-related hazard frequency within a specific region. In our
approach, we rely on CMIP5 climate projections and consider them
representative of the real environment in which we estimate our
target variable.

In the current setting, we define frequency as the ratio of the
days in a month when an SCS-related hazard was observed to the
total number of days in that month. Since our objective is not
to forecast SCS-related hazards for specific days several years in
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advance, but rather to estimate monthly hazard frequency based on
the CMIP5 scenario, we adopt an approach that differs from classic
forecasting models. It includes:

e solving a binary classification task for each day to determine
whether an SCS-related hazard occurs,

e aggregating daily classification outputs by averaging results
within each month.

By employing this approach, we estimate monthly averaged
SCS-related hazard frequencies based on CMIP5 climate
projections. This enables us to focus on long-term changes in
hazard frequency rather than forecasting individual events, which
is crucial for understanding long-term trends and developing
effective adaptation strategies.

In the initial step of our algorithm, we perform binary
classification for each grid point that contains a meteorological
station. Class 1 represents the presence of an SCS-related hazard,
while Class 0 indicates its absence.

To formalize the optimization problem, we minimize Binary
Cross Entropy (BCE) between model outputs and true target values.
At this step, it is crucial to account for class imbalance, given that
the Class 1 to Class 0 ratio is approximately 1:3 in the data used. To
address this issue, we introduce a constant weight A applied to Class
1 before computing the mean BCE loss:

1

N
BCE =~ > (iylog(p) + (1 — ) log(1 — p)),

n=1

where n € N is an index of the meteorological station; y € {0; 1} is
the true label, where class 1 corresponds to an SCS-related hazard; p
is the predicted probability of class 1; and A is a positive class weight.
By incorporating this weighting scheme, we mitigate bias toward
the majority class. In our experiments, we used grid search to select
AandsetA = 2.

2.3 Quality metrics

We use common classification metrics during training,
including precision, recall, and Fl-score. But, after monthly
aggregation, we can also use regression metrics on vectors of true
and predicted monthly mean SCS frequencies. At this stage, we
evaluate performance using the standard Root Mean Square Error
(RMSE) and the metric introduced in Prein and Holland (2018).
The cited paper develops a model for hail risk estimation and
proposes a normalized version of RMSE to reduce the influence of
undersampled observations and artificial trends.

The metric is designed to capture the annual cycle typical of
convective phenomena, which is applicable to SCS-related hazards
in general. We use root mean squared error (RMSE) normalized
over annual cycle:

N
1
RMSE4¢ = N E [On — Pall?,
n=1
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where P, and O, are normalized predicted and observed
monthly SCS hazard probabilities for station n, over N
meteorological stations.

We also use a standard RMSE measure:

N
1 d
RMSE= | — X, — XB92,
N;n n— X2

where X,, and Xﬁred are observed and predicted monthly SCS
hazard probabilities, respectively.

2.4 Baseline approach

At the beginning of our experimental analysis, we established
a straightforward baseline model for comparative purposes. In this
baseline, we simplify the spatial representation of every variable by
aggregating nine adjacent grid cells (see Figure 3) into a single cell
at each timestamp. This simplification is justified by the localized
nature of SCS-related hazards, where observing a 24-h window with
four records (at 6-h intervals) is expected to be sufficient to detect
individual events.

Notably, ignoring spatial structure prevents the model from
incorporating information about associated synoptic processes.
However, due to uncertainty about whether 1° x 1° data adequately
preserve small-scale spatial features pertinent to SCS formation,
this simplification was considered acceptable. In the subsequent
section, we compare the results of this approach with our neural
network solution. For classification within this framework, we
employed the CatBoost model.

2.5 Neural network approach

In this subsection, we describe a neural network that, to the
best of our knowledge, is the first developed for SCS-related hazard
frequency estimation based on climate projections. The novelty
of the proposed approach is the combination of a specifically
designed neural network architecture with a shift from forecasting
to classification, enabled by the use of climate projections.

The main building blocks of the architecture are separate
pre-trained autoencoders for each of four features and a linear
classifier that uses the resulting embeddings as input. The overall
model is depicted in Figure 4. In the basic configuration, the
neural network comprises two main parts: a feature extractor
and a classification head. The feature extractor consists of four
autoencoders, each preceded by a single convolutional layer
to extract spatial information. Given that only a 3 x 3 cell
block around each station is considered, additional convolutional
layers are unnecessary. As mentioned in Section 2.1, grid parts
corresponding to a 24-h period are stacked along the time axis
during preprocessing. Therefore, we use a stride of 3 for the
convolutional layer to avoid mixing information across the time
axis. The embeddings are then concatenated and passed to the
classification head.

The classification head uses the binary cross entropy loss
defined in Section 2.2. For the reconstruction output of each
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autoencoder, we use mean squared error loss:

2
>

N
1
MSE = > W X)) — X,
n=1

c Rlevels X (time x lat) xlon is

where n € N is an index over samples; X,,
a tensor of climate variables at one timestamp; and f(w, X,,) is the
autoencoder reconstruction.

The two network blocks are shown in Figure4: the
autoencoder-based feature extractor and the classification
head. These blocks are designed to operate independently, allowing
for a modular and computationally efficient workflow. This
approach, referred to as the “separate” method, involves freezing
the weights of the feature extraction block during the training of the
classification head, which is optimized using BCE loss. By isolating
the training of these components, we not only streamline the
process but also significantly reduce the computational overhead,
making it a practical choice for large-scale applications.

Although this methodology already demonstrates superior
quality compared to the CatBoost baseline, we hypothesize that
further performance gains can be achieved by fine-tuning the
feature extractor in conjunction with the classification head. This
leads to our next approach, termed “end-to-end”, where both blocks
are trained simultaneously. Here, the loss function combines the
autoencoder’s MSE reconstruction loss with the BCE classification
loss, enabling the model to refine its feature representations while
optimizing for classification accuracy.

To further enhance the model performance, we explore the
stacked hourglass architecture (Newell et al., 2016). This method
deepens the model without encountering the vanishing gradient
problem (Hochreiter, 1998). Inspired by skip connections (He et al.,
2016), this architecture stacks three autoencoders sequentially, with
the final reconstruction derived from their combined outputs via a
3D convolution. This configuration, referred to as the “hourglass”
method, enhances the model’s capacity to capture hierarchical
features while maintaining stable gradient flow. Within our
framework, each autoencoder generates three distinct embeddings
for every input feature. While the original formulation (Newell
et al., 2016) aggregates these embeddings through summation,
we investigate alternative aggregation strategies, pixel-wise 1D
convolution and concatenation followed by a linear layer, to
identify the most effective approach for feature fusion. The
systematic combinations of classification and aggregation methods,
along with their corresponding performance metrics, will be
presented in the results table.

Training was conducted using the Adam optimizer with
weight decay 0.0001 and B parameters set to 0.9 and 0.999.
We implemented an initial eight-epoch warm-up period for the
learning rate, followed by the CyclicLR scheduler configured with
a maximum learning rate of 0.0015, a minimum learning rate of
0.0001, and a step size of 5 epochs.

3 Results

During training of the hourglass setting, we observed that the
autoencoders for atmospheric temperature and specific humidity
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FIGURE 4

fine-tuning phase.

The model architecture. Each autoencoder is pre-trained separately for individual features, and the classification head is integrated during the

= train loss - stacked model

== val loss - stacked model

=~ train loss - autoencoder model
== val loss - autoencoder model

0.5

FIGURE 5

Comparison of reconstruction loss convergence across different
aggregation approaches for the u-component of wind. The stacked
(hourglass) architecture (in gray) outperforms the
single-autoencoder architecture (in blue).

showed little improvement in reconstruction loss. This may be
because these variables change slowly and exhibit low variance
over a 24-h period, such that a single autoencoder is sufficient to
capture the necessary information. In contrast, autoencoders for
variables with more complex behavior, such as wind components,
demonstrated a clear improvement in convergence. This supports
our initial assumption; see Figure 5 for details.

Frontiersin Climate 06

Table 2 summarizes the metrics for all considered models,
including the three aggregation approaches: summation, pixel-wise
1D convolution, and concatenation followed by a linear layer. The
basic two-part neural network already outperforms the CatBoost
baseline. Moving to the end-to-end setting yields a gradual
improvement in most metrics. Notably, the end-to-end model
performs best in terms of RMSE, while showing comparatively
worse performance in capturing the normalized annual cycle of
SCS-related hazard activity, as indicated by RMSEsc.

If the ultimate goal is to minimize potential losses from SCS-
related hazards, it is reasonable to prioritize recall for Class 1
(SCS) during the classification step, while maintaining strong
performance across other metrics. Based on our analysis, the
hourglass model with the conv1d aggregation approach is the
most suitable for this problem setting.

4 Discussion

In this section, we present a visual example of the model
forecast and analyze the results in the context of existing findings
in the field. The aim is to evaluate model performance and
gain insights into underlying patterns and mechanisms of SCS-
related hazards.

While the CatBoost baseline offers a robust, interpretable, and
computationally efficient

solution by aggregating features
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TABLE 2 Model evaluation.

Model methods Class 0: no SCS Class 1: SCS
Aggregator Classificator  Precision  Recall F1 Precision  Recall F1
n/a Catboost 0.82 0.34 0.48 0.31 0.79 0.40 0.0100 0.0121
(baseline)
n/a Separate 0.82 0.53 0.64 0.32 0.66 0.43 0.0086 0.0138
n/a End-to-end 0.83 0.54 0.65 0.33 0.67 0.44 0.0080 0.0136
Sum Hourglass 0.83 0.53 0.65 0.34 0.69 0.45 0.0084 0.0125
convld Hourglass 0.84 0.50 0.63 0.33 0.71 0.45 0.0093 0.0154
concat (linear) Hourglass 0.85 0.38 0.53 0.31 0.81 0.45 0.0125 0.0114
Support 68,015 23,360

Columns 3 to 8 show metrics for the classification stage. Metrics for Class 1 are more important because this class corresponds to underrepresented severe convective phenomena. The last two

columns represent metrics for the aggregation stage. Lower values of RMSE,c indicate a better ability to capture the annual cycle of SCS. Support denotes the number of elements in subsets

corresponding to Class 0 and Class 1. Bold values indicate the best results.

to a one-day timescale, it inherently overlooks temporal
dynamics and spatial dependencies critical for SCS detection.
In contrast, our neural network approaches (particularly
the end-to-end and hourglass architectures) explicitly model
these dependencies, capturing spatial patterns and hierarchical
feature interactions.

Topographic characteristics are crucial for convection
development, as consistently emphasized in climatological research
(Xie et al, 2006; Tang et al., 2012; Hagen et al, 2011). These
studies frequently highlight the susceptibility of mountainous
regions to convection given their interaction with atmospheric
dynamics. In line with these findings, our forecast illustrates how
terrain morphology, particularly in mountainous areas, can act as a
catalyst for severe convection.

Figure 6 shows the forecast for spring and early summer
(March-June) 2025. The figure indicates that high SCS-related
hazard frequency is expected in the Black Sea coast-Caucasus
region. Starting in April, the mountainous terrain of the
Caucasus provides favorable conditions for severe convection.
The mountains cause orographic lifting, leading to cloud
formation and enhanced convection. In addition, rapid elevation
changes create localized instability that contributes to intense
thunderstorm development. Proximity to the Black Sea provides
the atmospheric moisture needed for convection in this area.
These findings align with the analysis of historical climate
data in Inyukhin et al. (2014). Retrospective assessment of
precision/recall in 2025, demonstrated expected quality (F1 for
class 0 is 0.67, F1 for class 1 is 0.46, RMSE was 0.0082 for the
proposed approach).

We also observe a narrow, extended area of activity in May
and June in the center of the figure, corresponding to the
southern part of the Ural Mountains. The rugged terrain of
the Urals contributes to orographic lifting and the development
of severe convection. During these months, there is a notable
expansion of SCS-active areas and an increase in SCS-related
hazard frequencies to the northeast of the Black Sea, indicating
the peak season of SCS activity in the studied region. Figure 7
demonstrates risk evolution by 2035 under the most aggressive
climate change scenario.
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5 Conclusions

This work presents a neural network-based framework
for translating climate-model projections into actionable, long-
term estimates of severe convective storm (SCS)-related hazard
frequency. Instead of attempting to predict individual events years
in advance, we cast the problem as daily hazard classification
followed by monthly aggregation. This design directly targets
the decision-relevant quantity for climate-risk assessment: how
often hazardous convection is expected to occur under a given
emissions scenario.

Across a range of architectures, our approach consistently
outperforms the CatBoost baseline, with the best-performing
configuration (the hourglass stack with convld embedding
aggregation) offering a strong practical trade-off: high recall
for the underrepresented hazard class while maintaining

competitive overall after Importantly,

the resulting frequency maps reproduce physically plausible

error aggregation.
spatial patterns, including enhanced activity over complex
terrain. In the example forecast for March-June 2025, the
highlights
along the Black Sea coast and the Caucasus, as well as a

model elevated SCS-related hazard frequency

distinct corridor over the southern Urals, consistent with
established evidence that orography and moisture availability can
amplify convection.

These capabilities are directly relevant to climate-resilient
planning and risk management. Sectors such as agriculture,
renewable energy, and insurance are increasingly exposed to
severe wind and hail impacts (Kim et al, 2023; Ranasinghe
et al, 2021).
a lightweight ML pipeline, our method can help identify

By coupling CMIP-driven projections with

emerging hotspots, support stress-testing of assets and
portfolios, and inform adaptation measures (e.g., infrastructure
hardening, operational planning, and insurance pricing). The
computational footprint is modest (8 h of training on two
GTX 1080 Ti GPUs), making iterative retraining and scenario
testing feasible.

Our results also clarify the main constraints of the problem.

First, the model is currently tailored to the station network and

frontiersin.org


https://doi.org/10.3389/fclim.2026.1779183
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org

Mozikov et al.

10.3389/fclim.2026.1779183

14 14 k4 g
2 & & 5
SCS Hazard/Total Days Ratio

o
o

=4
°

longitude

e =
© o

e
Y

latitude

S
B b
SCS Hazard/Total Days Ratio

)
o

e
°

o
longitude
FIGURE 6

to the Ural Mountains. Areas with high SCS activity are highlighted in red.

a
©

latitude

Monthly averaged forecasted SCS-related hazard frequencies for March, April,

=
o

1<
£

S S
e <
scs Hazard/’l’otalal\Days Ratio

b
o

o
o

E)
longitude

° ° ° [
IS > > 5
SCS Hazard/Total Days Ratio

e
o

o
o

40 60

o
longitude

May, and June 2025. The forecast covers the region from the Caucasus

14 14 o o
2 B & 5
SCS Hazard/Total Days Ratio

a
o

o4
°

L
08 %
[-4
s0 ES
068
] ey
:
5 [
- 043
e o
I
o
I
020
Q
v
......... 0.0
a0
FIGURE 7

Monthly averaged forecasted SCS-related hazard frequencies for March, April, May, and June 2035 under the most aggressive emissions scenario
RCP 8.5. The forecast covers the region from the Caucasus to the Ural Mountains. Areas with high SCS activity are highlighted in red.

14 o o o
2 S & 5
SCS Hazard/Total Days Ratio

e
o

e
°

o o o P
= > B S
SCS Hazard/Total Days Ratio

°
o

°
°

region used for training; deployment in new regions requires
retraining and careful validation. Second, the classifier tends
to be conservative, favoring false positives over false negatives
(high recall with lower precision). While this may be acceptable
and often preferable in risk mitigation settings, it highlights
the need for probability calibration and cost-sensitive evaluation
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aligned with end-user objectives. Third, despite exploring multiple
architectural variants (including the hourglass stack, Newell et al.,
2016, performance appears to plateau around an Fl-score of
about 0.45, suggesting that data limitations (label noise, reporting
inhomogeneity, and class imbalance), likely being the primary
bottleneck rather than model capacity.
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Note, that despite of a significant change in extreme event
frequency during the 2025-2035 decade, the mean values and even
90% quartile of distributional parameters (u, v, ¢, T) do not exhibit
substantial changes at least until 2045-2050 and demonstrate
consistent behavior in the area of study across various RCP
scenarios. In particular, u and v components of the wind change
consistently by 2045 within 5%, while v component exhibit almost
50% change under RCP 8.5 by 2100. Similarly, the temperature
change in the area of interest increase on more than 2C by 2100,
while by 2045 the expected change is less than 0.5 C. The latter
result is consistent with the state-of-the-art results for some other
regions (Hausfather and Peters, 2020; McCrystall et al., 2021).

Future work should focus on (i) improving label quality and
consistency, (ii) incorporating multi-model and multi-scenario
ensembles (e.g., broader CMIP coverage) to quantify uncertainty,
and (iii) enhancing spatial generalization via domain adaptation
or transfer learning. Together, these directions can strengthen
confidence in long-term convective hazard frequency estimates and
expand the applicability of ML-enabled climate-risk assessment.
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