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Abstract

Extreme precipitation events in the Tropics are often linked to convective storms.
Storm nowcasting systems for early warning have been recognized as a necessary
adaptation strategy to increase public resilience in a rapidly evolving climate.
Ongoing advances in deep-learning techniques now allow better exploitation
of satellite data, including where ground-based radar networks and computa-
tional resources are limited. This study presents an easily reproducible model
(Network for Nowcasting Convective Cores, NetNCC) for nowcasting convec-
tive cores in near real time at a fine spatial resolution (~3 km). NetNCC uses
Meteosat Second Generation thermal infrared brightness temperature images
at three successive time steps to predict the probability of convective cores for
lead times between 1 and 6 hr. A spatially enhanced loss function (fractions skill
score) captures the atmospheric conditions within the neighbourhood of each
pixel. Skilful probabilistic predictions are achieved at fine spatial resolutions
(< 30km) for short lead times of < 2hr and at coarser resolution (180-270 km)
for lead times > 4 hr. Nowcast accuracy shows a clear diurnal cycle, with higher
accuracy during the daytime when convection frequency is at a maximum in
eastern and southern Africa. NetNCC performs better for short-lived convec-
tive cores that develop over eastern Africa than for cores embedded in typically
long-lived West African convection. Compared with persistence, NetNCC now-
casts are considerably better particularly for fine spatial scales. Further input
information on atmospheric and land-surface states alongside thermal infrared
imagery may be required to improve longer (>4 hr) lead-time predictions. Nev-
ertheless, our results indicate considerable potential of NetNCC for nowcasting
convective activity, and hence intense rainfall, in at-risk regions and illustrate
the utility to forecasters for operational applications.
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1 | INTRODUCTION

Weather (in particular precipitation) forecasting sev-
eral hours ahead has gained traction in recent years
owing to increasing frequency and costs of impactful
convective events as the Earth’s climate is warming
(Allen & Ingram, 2002; Westra et al., 2014). Intensely
precipitating convective storms in the Tropics can cause
considerable damage, leading to flash floods and loss
of lives and livelihoods (Maqtan et al., 2022). Thus,
short-range forecasting or “nowcasting” (also known as
near-real-time prediction) is critical for effective early
warning of severe weather and related natural hazards
(Saki¢ Trogrlic et al., 2022).

Contemporary methods of weather nowcasting include
numerical weather prediction (NWP) models (Roberts
et al., 2018), probabilistic methods based on historical cli-
matologies (Anderson et al., 2023), statistical extrapolation
of cloud or radar data (Imhoff et al., 2020), and, increas-
ingly, deep-learning-based nowcasting frameworks (Han
etal., 2019; Price et al., 2025; Shi et al., 2015). Based on the
availability of satellite data and computational advances,
nowcasting has evolved spatially as well as temporally.
Higher-resolution numerical modelling and fine-scale
satellite observations have significantly advanced the
accuracy of rainfall nowcasting (Lam et al., 2023). In
addition to attempts at rainfall nowcasting where radar
networks allow, indirect methods based on tracking
storms or cold clouds have also helped to improve con-
temporary weather nowcasting efforts (Lakshmanan &
Smith, 2010; Lehmann & Coumou, 2015).

Predicting the development of convective systems is
an ongoing effort that is limited by uncertainties in ini-
tial conditions and the dependence of convective devel-
opment on even small perturbations, error propagation
within modelled forecasts, and limitations in model reso-
lutions affecting the representation of convective systems
(Zhao, 2014). This means that NWP models struggle to cor-
rectly spin up and position convective storms in space and
time, even when provided with the most recent observa-
tional initial conditions. Short-term nowcasting strongly
relies on satellite and, where available, in-situ observations
that provide useful information in real time regarding con-
vective system development (Li et al., 2024). Overshoot-
ing top detection within convective clouds using infrared
imagery can help improve the prediction of high-intensity
storms (Ai et al., 2017; Bedka & Khlopenkov, 2016). Hence,
model-based systems that can indicate broader regions
of new convective activity and observation-based systems
that accurately track and extrapolate existing convection
are both important in further advancing the prediction of
convective storms.

Traditional observation-based nowcasting techniques,
such as optical flow-based extrapolation of radar or cloud
imagery implemented in tools such as Pysteps (Pulkkinen
etal.,2019) excel at capturing the advection of existing pre-
cipitation structures, which has been shown to have some
skill over Africa (Burton et al., 2022). Vector-flow extrap-
olation, however, struggles to predict storm initiation,
intensification, or dissipation, which involve inherently
nonlinear processes. On the other hand, simple statisti-
cal methods based on local conditional climatologies are
able to include convective initiation and dissipation to
some degree, based on typical historical convection life
cycles including effects of landscape features such as coast-
lines and topography Anderson et al. (2023). However, this
method is strongly limited by local sample sizes of con-
vective events and sensitive to event pooling decisions.
In contrast, deep-learning methods can learn complex
spatio-temporally transferable relationships directly from
historical data, offering the potential to recognize precur-
sors to convective growth or decay with less dependency on
local convection frequencies. Hence, advances in machine
learning have opened promising avenues for improving
short-range forecasts of convective storms.

Recent studies have established the utility of deep-
learning-based methods for weather forecasting compared
with traditional NWP models. In some cases, data-driven
forecasting systems, such as GraphCast (Lam et al., 2023)
and Pangu-Weather (Bi et al., 2023), have outperformed
operational forecasting systems. The deep-learning archi-
tectures used in both GraphCast and Pangu-Weather are
able to learn the mapping between different atmospheric
variables to predict the short-term weather ahead. How-
ever, both these models follow a big data approach that
is based on the idea of using any and all available infor-
mation for model training. This makes them black-box
methods with limited physical tractability and provides
limited information about the geophysical processes that
influence the weather at different scales and the relation-
ships between the different atmospheric variables. In this
context, machine-learning frameworks tailored for con-
vective activity offer a complementary path: they can be
trained specifically on satellite-observed signatures of con-
vective evolution, run efficiently at high spatial resolution,
and incorporate physical constraints through expert-led
choice of input channels.

Convective systems have distinct spatial features that
evolve with time as the systems mature. A number of
drivers impact the evolution of convective systems, such
as land-atmosphere interactions (Barton et al, 2025)
and wind shear (Alfaro & Khairoutdinov, 2015). This,
in turn, results in inherent spatial features in convec-
tive systems that expand or disintegrate over time and
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space. In the Tropics, convective systems have a dis-
tinct diurnal cycle as well that differs over ocean and
land surface (Hendon & Woodberry, 1993). Deep convec-
tion over ocean is maximum during the early morning.
Over land, convective activity is most intense between
noon and evening, with local variations due to oro-
graphic lifting and land/sea breeze circulations (Yang &
Slingo, 2001). Mesoscale convective systems, particularly
in the Sahel region, are further impacted by soil moisture
gradients (Klein & Taylor, 2020) such that dry soil condi-
tions enhance propagating mesoscale convective systems.
Spatio-temporal modelling of convective systems across
different scales is therefore impacted by the complexity
of interactions between the different drivers of convective
activity.

In this study, we focus on convective cores that repre-
sent the deep convective part of a convective cloud system
where high updraughts occur (Feng et al., 2011). Different
machine-learning (or deep-learning) architectures rang-
ing from medium to highly complex have been proposed
in the last couple of years focused on predicting precipita-
tion (not convective cores), often using outputs from NWP
models or reanalysis data (Bi et al., 2023; Lam et al., 2023).
However, there is limited existing research on nowcasting
convective cores. The rapid evolution of convective storms
is well captured by convective cores. Since deep convec-
tion precedes convective rainfall, nowcasts of convective
cores can provide a better lead time for predicting intense
rainfall-induced hazardous weather events. In this study,
we develop a nowcasting framework for deep convection
(with a focus on Africa) that is easily run operationally and
provides real-time nowcasts at short-range time periods
for regional forecasters. The development of the frame-
work was guided by four key requirements: (a) to provide
near-real-time predictions, (b) to be physically tractable
(i.e., changes in model output due to different physical
processes could be tracked to some extent), (c) to be com-
putationally flexible (i.e., easy to train and test for other
regions), and (d) to be easily reproducible. These oper-
ational restrictions limit the type of data that could be
used for training, the algorithm selection and complexity,
and the grid scale and resolution. However, they provide a
valuable opportunity to explore and narrow down which
information types and sources are critical for accurate
nowcasting at short range. It is common for deep-learning
methods to be black-box models, such that very little phys-
ical meaning can be extracted from such models. Lim-
iting the range of input data sources used in the model
and testing the model performance across different cli-
mates helps to maintain some physical tractability. Further
details about the model and its development are included
in Section 2.
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2 | METHODOLOGY

In satellite imagery, convective cores can be identified
as very cold, often overshooting cloud tops (Bedka &
Khlopenkov, 2016) and are frequently associated with
extreme precipitation (Klein et al., 2018). The separation
between the deep convective part of the cloud and the
stratiform anvil, associated with typically lighter precipi-
tation, has traditionally used thresholds for cold cloud-top
temperatures (Lin et al., 2006; Machado et al., 1998). Con-
vective cores are important in storm monitoring as they
provide a reasonable proxy for regions most likely to have
intense precipitation (Feng et al., 2011). Klein et al. (2018)
used wavelet scale analysis to identify convective core
boundaries using the gradient in thermal infrared (TIR)
brightness temperatures T, in mesoscale convective sys-
tems. For our model, we use this method to detect and
subsequently predict convective cores across the study
regions.

2.1 | Network for Nowcasting
Convective Cores

The Network for Nowcasting Convective Cores (NetNCC)
tool is based on a U-Net architecture Ronneberger
et al. (2015) and predicts the propagation of convective
cores by leveraging the spatio-temporal flexibility of con-
volutional neural networks (LeCun & Bengio, 1998). A
U-Net architecture comprises convolutional neural net-
work layers that successively reduce the dimension of the
input information by extracting important features via
pooling and then upscale to the dimension of the tar-
get image (Figure 1). The Tensorflow software library was
used to code the algorithm in Python (Abadi et al., 2015).
U-Nets Ronneberger et al. (2015) have exhibited consider-
able potential in capturing spatial features in weather data,
in particular precipitation, and propagating them over sub-
sequent time periods (Kaparakis & Mehrkanoon, 2023;
Trebing et al., 2021). We carried out extensive test simu-
lations to find the minimum number of parameters (and
parameter values) required to achieve the lowest possible
training loss value. The motivation behind this approach
was to keep the model as simple and accurate as possible
such that it could be easily used operationally in real time
by forecasters. It also helped in keeping the computational
memory required for training and testing low while also
rendering it easy to test input sensitivities.

The model takes three images of Meteosat Second
Generation (MSG) TIR T, with an hourly interval as
input to predict the probability of cores for 1, 2, 4
and 6hr lead times. In addition to core propagation,
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FIGURE 1
sizes of the different feature maps. (b) The topographic variation within the selected domains in Africa. The black dashed lines show country

(a) NetNCC has a U-Net structure consisting of successive convolutional neural network layers. The numbers indicate the

boundaries, the country names are in red, and the water bodies are in light blue colour. TIR: thermal infrared; FSS: fractions skill score.

NetNCC thus learns to detect convective cores directly
from TIR imagery, allowing convective core initiations
at lead times diagnosed from preceding cloud pattern
changes. We varied the number of input images preced-
ing to (where o is the time at which the prediction is
initialized) from two to five and optimized other parame-
ter values for each. Performance was found to be optimal
with three images (fy, tp — 1 hr, and f, — 2hr) as input.
Increasing the number of inputs beyond three decreased
the sensitivity of the predictions to the image at ¢,
thereby resulting in a decrease in prediction accuracy in
some cases.

2.1.1 | Spatially enhanced loss function

Loss functions optimized for each pixel do not take into
account the spatial structures in atmospheric data that
define the spatio-temporal changes in interlinked state

variables. Selection of the appropriate loss function is
important for deep-learning-based models. Optimizing
the loss function for each pixel independently neglects
the spatial correlation between neighbouring pixels. In
other words, pixel-wise loss functions do not consider
the occurrence of convection at nearby pixels and thus
do not account for spatial features in the neighbourhood
when computing the loss function. Lagerquist et al. (2021)
overcame the lack of spatial information in training loss
functions in contemporary deep-learning-based nowcast-
ing models by using spatially enhanced loss functions.
These are loss functions that use information from the
pixel neighbourhood to highlight spatial features (con-
vection in this case) when computing the loss dur-
ing training. In their subsequent study, Lagerquist and
Ebert-Uphoff (2022) used neighbourhood and spectral fil-
ters in the loss functions and provided a comprehen-
sive analysis of using different scale thresholds and their
impact on the predicted target (convection masks in their
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case). Similar concepts have been used in other studies
to include local spatial gradients during loss calculation
(Eigen & Fergus, 2015; Heim & Avery, 2019; Stengel
et al., 2020).

In this study, we use the fractions skill score (FSS)
with a neighbourhood filter as the loss function based on
the comparatively better performance noted by Lagerquist
and Ebert-Uphoff (2022). FSS compares the agreement
of fractional coverage within a defined window size
between prediction and observation and is a commonly
used metric for verifying the skill of predictions (usu-
ally precipitation) across scales (Roberts & Lean, 2008;
Skok & Roberts, 2016). FSS ranges from 0 to 1. A perfect
model would yield FSS =1, whereas a model with no
predictive skill would yield FSS = 0. It is well suited to
verifying the accuracy of convection at different spatial
scales (Roberts & Lean, 2008). Equation (1) proposed by
Lagerquist and Ebert-Uphoff (2022) was used to define
the (spatially enhanced) FSS-based loss function in our
U-Net architecture:

Yo [De(r) = (P

FSS=1- s
o [pg () + 5 ()]

(1

where pg(r) is the mean predicted value for neighbour-
hood of radius r, y,(r) is the mean observed value for
neighbourhood of radius r, G is the group containing all
the neighbourhood windows, and r is neighbourhood
radius (spatial scale). The length of the neighbourhood
window is defined by r and is equal to the number of pix-
els in each direction (width and length) centred on the
pixel g. We performed several tests to select the most suit-
able r value and found that a neighbourhood window of
5 X 5 pixels gave stable results across different evaluation
scales. Here, FSS is based on a normalized sum of the
squared errors between the mean prediction and mean
observation in the neighbourhood of each pixel. Our test
results differed from Lagerquist and Ebert-Uphoff (2022)
in that their radar-based inputs were able to give similar
accuracy values for pixel-wise loss functions compared
with spatially enhanced loss functions at 1 hr lead time.
However, we observed a notable improvement in accu-
racy for models trained using spatially enhanced FSS with
satellite-observed TIR observations as input, particularly
for lead times greater than 2hr. This is possibly due to
the difference in the two studies’ target lead time. We
are focusing on lead times longer than 1hr as well and
Lagerquist and Ebert-Uphoff (2022) note improvement by
using spatially enhanced loss functions as compared to
pixel-wise for their 2 hrs predictions. For further details
about the structure of the loss function, please refer to
Lagerquist and Ebert-Uphoff (2022, fig. 6).

Royal Meteorological Society

2.1.2 | Experimental set-up

A separate model is trained for different lead times to limit
the transfer of errors over successive steps. This approach
also gives the subsequent model predictions the chance to
self-correct using the latest TIR data. The model outputs
an image in which each pixel represents the probability of
a convective core being present at that location. We car-
ried out a suite of simulations to optimize the model layers
and the selection of input images for training. Separate test
models were trained for lead times of 15, 30, 60, 120, 180,
240, and 360 min. For brevity, we only discuss the mod-
els trained for lead times 1 hr (60 min), 2 hr (120 min), 4 hr
(240 min), and 6 hr (360 min) in this study. Here, we con-
sider lead times of 1 and 2 hr as short and lead times > 2 hr
as long. This categorization is to assess the model perfor-
mance during near versus distant future. Further details
about the model development process are described in
Appendix A.

2.2 | Studyarea

The model is trained and then tested for three domains
within Africa (which is our main study region) that rep-
resent a variety of climates and elevation changes across
the African continent (Figure 1b). To maximize convec-
tive core frequencies in the dataset, the peak rainy months
are selected, which are different for each domain. The first
domain is in southern Africa (SA; centred over Zambia)
and has a climate that is characterized by three sea-
sons depending on temperature and precipitation. In this
study, we look at the peak rainy months of December,
January, and February for this domain. The second domain
lies in eastern Africa (EA) and is centred around Kenya.
It includes Lake Victoria and captures the lake breeze
and land interactions near the large water body and the
high-elevation regions surrounding the lake. Multiple fac-
tors, such as orographic lifting, sea-breeze from the ocean,
and high potential evapotranspiration, contribute to con-
vective activity in this region. The peak rainy months
are April and May here. The third domain is in western
Africa (WA). It focuses on capturing the large mesoscale
storms that are typical of the West African monsoon. It
also includes the interactions between land and the large
coastline on the western and southern edges. The ele-
vation across this whole domain is quite low compared
with the other two regions of interest. The three domains
in Figure 1b represent varying climates and have differ-
ent convection drivers and, hence, types of convection.
Thus, the model is tested for its ability to nowcast convec-
tive cores associated with scattered as well as long-lived
convection.
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2.3 | Training data

The model training data consist of TIR T}, as input and
convective core binary masks as target. NetNCC is trained
using input images of 512 x 512 image width and height.
Separate models were trained for each domain based on
the peak rainy months in that region. All the models were
well-trained using 15 years (2005 to 2019) of data, and test-
ing was done using 4 years’ data (2020-2023). The training
data were further divided into training (80%) and valida-
tion (20%) datasets. For the WA domain, the model was
trained and tested using data from July to September. For
the SA domain, the training and testing were done using
data from December to February. Data for the months of
March to May was used for the EA domain. Thus, the mod-
els are well trained on 45 months (96 images per day at
15min temporal frequency) of data and tested in detail
using 12 months of data for each lead time. The predictions
are probabilistic with no noticeable spread if an ensem-
ble of predictions is made using the same input images.
The following sections describe the training and testing
datasets in further detail.

2.3.1 | MSG TIR imagery

The spinning enhanced visible and infrared imager
(SEVIRI) of the geostationary MSG satellites collects data
in 12 channels for multiple applications, such as cloud
imaging and tracking, fog detection, and surface and
cloud-top temperatures (Aminou, 2002). For this study,
we use the TIR effective radiance data in channel 9
(10.8 pm) available at the European Organisation for the
Exploitation of Meteorological Satellites (EUMETSAT)
website (http://www.eumetsat.int). Effective radiances
were converted to T, using conversion tables provided
by EUMETSAT. Images are available in near real time at
a temporal resolution of 15min and at an approximate
spatial resolution of 3 km in WA.

The raw TIR Ty, values were first filtered using a thresh-
old of 0°C to focus on the cloud-covered pixels only. Then
the values were normalized using a minimum value that
covers the full range of observed T},. The normalization
yields values between 0 and 1 such that very cold clouds
had magnitudes closer to 1; see Figure la. For consis-
tency, the same normalization threshold was used for all
domains. No regridding was applied and the images were
displayed on their native MSG grid. Since the input image
size was restricted to 512 x 512, it meant that a larger
area-on-ground was covered for the EA domain using
the same number of MSG pixels. Using the native MSG
grid helped in training and testing the model’s nowcast-
ing skill at a high spatial resolution (~3km), meaning

that small-scale convective cores were also captured in
the training data. Separate experiments were conducted to
train the model at a regular 0.04° grid, and it was noted
that the model performance was not impacted by the use
of an irregular (MSG) versus a regular grid. Further details
about the MSG grid are available in the user data guide
(EUMETSAT, 2025).

2.3.2 | Convective cores

The target data for NetNCC comprises binary masks of
convective cores. Klein et al. (2018) used wavelet scale
analysis to identify convective cores within mesoscale
convective systems using satellite-based TIR imagery
(in our case it is the same input TIR data). The study
showed that large mesoscale convective systems consist-
ing of cold clouds are responsible for 91% of all extreme
rainfall events in West Africa. Thus, convective cores rep-
resent that part of the mesoscale convective system where
updraught velocities are high and where deep convection
takes place that is usually associated with extreme rainfall
(Klein et al., 2018).

Following Klein et al. (2018) for convective core detec-
tion, cloud-top temperatures below —40°C are identified
from MSG images and a wavelet scale decomposition
is applied, covering scales from 9 to 130km via a
two-dimensional continuous wavelet transform (Marr &
Hildreth, 1980). The wavelet power values are summed
over the different scales considered, with convective struc-
tures identified where the summed power values exceed
a scale-dependent threshold. In this work, the minimum
power threshold is defined as Y’ (s)°-°, where s corresponds
to the wavelet scale. Summing over the square root ensures
a stronger weighting of small scales within the organized
cold-cloud envelope, which are associated with higher
probabilities for extreme rain than larger scales (Klein
etal., 2018).

For this study, we convert the resulting convective core
wavelet transform powers into a binary mask that only
provides information about the presence or absence of a
core at each pixel. Hereafter, we refer to convective cores
as “cores” in this article. NetNCC is trained using the core
mask as a target to predict the probability of a core being
present at each pixel at the prescribed lead time. There is
no explicit difference in the model between convective ini-
tiation or propagation of a pre-existing core in the image.
The model nowcasts the probability of cores such that
larger probability values indicate higher likelihood of a
core being present (as predicted by the model).

NetNCC wuses a U-Net architecture for two-
dimensional images, and thus prediction accuracy is
expected to vary across the image based on the frequency
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Spatial variation in the frequency of cores represented as monthly averaged percentage of pixels with occurrence of cores

for each domain. SA: southern Africa; EA: eastern Africa; WA: western Africa.

of core occurrence at each pixel in the training data.
Figure 2 shows the monthly averaged percentage of core
occurrence at each pixel for the three study areas. Com-
paring these maps with the terrain elevation maps in
Figure 1, it is notable that relatively higher percentages of
cores occur over large water bodies (such as Lake Malawi
in SA and Lake Victoria in EA) and areas with topography
and large elevation gradients. In the WA map, a higher
frequency of cores occur near the coast of Guinea-Bissau
and Guinea, indicating the interaction between sea breeze
and large elevation gradients in that region, and across
Mali where long-lived mesoscale convective systems often
occur during the rainy season (Zipser et al., 2006). The
prediction accuracy of deep-learning-based models is sig-
nificantly dependent on training data. It is expected that
the model would perform relatively well for regions where
the training data include a larger number of samples with
core occurrences.

3 | RESULTS

In this section, we evaluate the model’s nowcasting per-
formance using pixel-wise metrics as well as metrics that
account for spatial features at different scales. Seasonally
averaged results are presented here that show the model
performance across each domain at four lead times for the
12 test months. Each month had more than 2,500 sample
images for testing. Thus, the metrics are based on a large
dataset and highlight the overall accuracy of NetNCC.
Figure 3 presents an example from the EA domain of
NetNCC TIR input images and nowcasts for all lead times
in comparison with observed cores. Locations of cooling
(increasing normalized values) and warming (decreasing
normalized values) TIR Ty, correspond well with locations
of high core probability magnitudes, such as cores in the
western part of the image. However, the model incorrectly
predicts the expansion of cores in the top right corner at

lead times 4 and 6 hr. Note that the model does not predict
convective core activity in the presence of the extensive
cold cloud approaching the Kenyan coast in the south-
east of the image, consistent with subsequent observations.
The model captures the cores at lead times 1 and 2 hr very
well in terms of shape and location. For most test cases,
at longer lead times, we noted an increase in the number
of pixels with low probability magnitudes with a decrease
in the accuracy of predicted core shape as well as location.
Similar results were obtained for the other two domains.

3.1 | Evaluation FSS

The evaluation FSS is calculated using Equation (1) to
infer the nowcasting accuracy at different spatial scales.
In this case, the spatial case is defined by the filter win-
dow used to compute the metric. Similar to Lagerquist and
Ebert-Uphoff (2022), we do not convert the nowcasts into
binary masks for evaluation and instead use the probability
values to compute the statistic. FSS ranges between 0 and
1 such that 0(1) indicates no(perfect) forecast skill. Eval-
uating across scales helps in determining the granularity
of the nowcasting accuracy. The TIR input data for Net-
NCC has high spatial resolution; therefore, nowcasts are
provided at a fine spatial resolution that can resolve small
cores as well as large convective systems.

Figure 4 shows FSS values for the three domains as
the evaluation spatial scale is increased from a filter win-
dow of 3x3 pixels (~9km X ~9km) to 99 X 99 pixels
(~300km x ~300km). We adopt the rationale of Roberts
and Lean (2008) for the FSS to be considered skilful above
a minimum threshold that accounts for climatology:

Frequency of cores

FSSekitfur = 0.5 + > : ()

This rationale is commonly used for precipitation nowcast-
ing. However, in our case the frequency of cores is quite
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FIGURE 3 Network for Nowcasting Convective Cores (NetNCC) nowcasts initialized on April 27, 2020, at 1200 UTC (1500 h local
time) for the eastern Africa domain for different lead times. (a)-(c) The thermal infrared (TIR) input images. Magenta contours on TIR
images indicate cores at each time step as detected by the core algorithm but not provided as NetNCC input. (d)-(g) The probabilities of cores
predicted by NetNCC based on the TIR imagery. (h)-(k) The true core mask at each lead time.
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FIGURE 4 (a)-(c)Fractions skill score (FSS) for three domains at increasing spatial scales for different lead times. The black dashed
line represents minimum FSS threshold for skilful prediction: 0.5 + (Frequency of cores/2). Each individual dashed line represents FSS
computed for predictions from one test month (total 12 months), and the solid line is for mean of all months. (d)—(f) The differences between
FSS for nowcasts at lead time (f, + x hr) and persistence (¢,). Skilful predictions are obtained at fine spatial resolution for short lead times
(<3 hr) and at coarser resolution for longer lead times (>3 hr). SA: southern Africa; EA: eastern Africa; WA: western Africa.

low and does not impact the minimum threshold much.  (Figure 4a—c). As expected, FSS decreases with lead time
We find that FSS values increase across all domains as at all spatial scales. For shorter lead times (<3 hr), the
the evaluation spatial scale is increased for all lead times  plot slope is steep for smaller scales and then becomes flat
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as the spatial scale becomes coarser, indicating no gain
in skill by further coarsening of nowcasts. However, for
longer lead times (>3 hr) FSS values increase at a similar
rate for finer and coarse spatial scales. The range (variabil-
ity) of accuracy for different test months is represented by
the spread of dashed lines, which is smaller for shorter
lead times and larger for longer lead times. This behaviour
is noted for SA and EA domains, whereas it is less clear
for WA, where the dominance of long-lived convection
and large interannual variation in monsoon band posi-
tioning could make differences in lead time spread less
pronounced.

Skilful predictions are obtained for lead time of 1hr
at all scales for all domains. The model is robust in terms
of 1 hr prediction at quite a high resolution (~9 km), finer
than most contemporary nowcasting models. For lead
time of 2 hr, the skllful prediction threshold is crossed at
5x5 pixel neighbourhood (~15km) for EA and 10X 10
(~30km) pixel window for SA and WA. The skilful pre-
diction threshold for lead time of 4hr is crossed at a
much coarser resolution; that is, the 60 X 60 pixel window
(~180km) for SA and EA and the 90 X 90 pixel window
(~270 km) for WA. The nowcasts at lead time of 6 hr do not
cross the skilful accuracy threshold even at the large scales
analysed, though nowcasters may find useful large-scale
information at this lead time, particularly in EA, where
FSS > 0.4. In general, the best FSS values are noted for
the EA domain at lead times 1 and 2 hrs; for a lead time
of 4hr the EA and SA domains have quite similar perfor-
mance, and the SA domain has slightly better accuracy
than the other regions at lead time of 6 hr at smaller spa-
tial scales. The WA domain exhibits a lower accuracy than
the other two domains at all lead times. These scores are
affected by the type and frequency of convective cores that
occur within the domains. Thus, it seems that NetNCC is
better able to predict the generally short-lived convective
cores that develop in SA and EA in the presence of strong
topographic forcing.

Next, we consider NetNCC nowcast skill rela-
tive to assumed persistence of the atmospheric field
(Figure 4d-f). In meteorology, persistence refers to the
surface weather or atmospheric circulation remaining in
a quasi-stationary state or recurring to a specific state for
a long period of time (Tuel & Martius, 2023). Here, we
use the first definition and define it as the core retain-
ing the same shape and size and remaining at the same
location at the prescribed lead time as time f,. Thus, FSS
values for persistence are calculated using core masks
at time to (FSS;). Figure 4d-f shows the resulting differ-
ence between FSS for nowcasts at respective lead times
(to +xhr) and persistence (fp); that is, assuming that
convective activity stays constant over time. These plots
highlight the additional information and added utility

Royal Meteorological Society

the nowcasts provide compared with using current cores
for convection prediction, even for short lead times. Pos-
itive differences are seen for all lead times for all three
domains; that is, the nowcasts are better than persistence
for all domains. The largest differences are observed for
the WA domain for shorter lead times (<3 hr), particularly
for lead time of 2 hr, with similar differences for SA and
EA at all spatial scales.

Large convective systems develop and propagate dur-
ing the rainy season in WA. The model performance sug-
gests that it is quite capable of nowcasting the propagation
of these convective systems in WA for shorter lead times
compared with persistence. At lead time of 4 hr, the high-
est differences are noted for EA for smaller spatial scales;
that is, the model is nowcasting the smaller core features
better than persistence. Low positive values are seen for all
domains for lead time of 6 hr, with relatively higher differ-
ences (0.2) for smaller spatial scales in SA and for larger
spatial scales for EA. Across all domains, larger differences
between nowcast and persistence accuracy occur at finer
spatial scales for shorter lead times and coarser spatial
scales for longer lead times. In other words, the nowcasts
are better than persistence at resolving spatially fine con-
vective features at short lead times and spatially coarse
convective cores at longer lead times. Overall, this shows
that NetNCC is able to produce skilful patterns of convec-
tive activity out to at least 4 hr, where predicted changes
in convection extent and location outperform persistence
assumptions already at 1 hr.

3.2 | Diurnal cycle prediction accuracy
In Figure 4, we looked at pooled nowcasts made at all
times of day. However, given the diurnal cycle in radiative
fluxes that produces a pronounced afternoon frequency
peak of convection over land, it is expected that the now-
cast accuracy would vary throughout the day. Figure 5
shows the change in nowcasting accuracy throughout the
day for different lead times as measured by FSS, computed
for nowcasts made at each hourly interval. Chosen FSS fil-
ter radii were selected based on the slope of the FSS plots
in Figure 4 so that a distinction can be made between the
nowecasting accuracy across a relatively smaller versus a
larger spatial scale. Figure 5e shows the diurnal cycle in
the frequency of cores for each domain as represented by
the percentage of total sample pixels identified as convec-
tive core. It can be seen that frequency of convective cores
peaks between 1100 h and 1300 h local time in SA and EA,
in contrast to a peak around 1900 h in the WA domain,
consistent with a strong relative contribution of long-lived
mesoscale convective systems to total rainfall in the latter
region.
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FIGURE 5 (a)-(d) Fractions skill score (FSS) computed for nowcasts at each hour of day at a small versus large spatial scale at

different lead times. Solid lines show a fine spatial scale (5 x 5 for lead times 1 and 2 hr and 21 x 21 for lead times 4 and 6 hr) and dash-dot

lines show a large spatial scale (41 x 41 for lead times 1 and 2 hr and 81 X 81 for lead times 4 and 6 hr) for the three domains. (e) The

frequency of cores with respect to the local time of day. SA: southern Africa; EA: eastern Africa; WA: western Africa.

FSS values are relatively higher for daytime nowcasts  frequency of cores during those hours (Figure 5e). There is
made for 0800 h to 1700 h local time for all lead times for ~ a dip in FSS values for the SA and EA domains in the early
the SA and EA domains. This matches well with the higher =~ morning hours for all lead times which begins to increase
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(a) Pixel-wise accuracy with respect to lead time for each study area, where Precision = True positives/(True positives

+ False positives) and Recall = True positives/(True positives + False negatives). (b) Receiver operating characteristic curves show the true
(core correctly predicted) versus false (core incorrectly predicted) positive prediction rate for all domains at each nowcasting lead time. The
curves highlight the change in true versus false prediction of cores as the probability threshold used for binary core masks is changed. SA:

southern Africa; EA: eastern Africa; WA: western Africa.

after 0800 h local time. This trend is generally noted at
smaller as well as larger spatial scales. However, this trend
is not observed for the WA domain, where the FSS values
are slightly lower from 0800 h to at least ~1200 h local time
for all lead times. In WA (yellow lines in Figure 5), the
nowcast accuracy is relatively higher during the night-time
compared with the daytime (increases around 1500 h local
time for all lead times). This trend is similar to the fre-
quency of core occurrence in WA, where a slightly higher
percentage is noted after 1500 h local time (yellow line in
Figure 5e). The WA nowcast accuracy has less variability
throughout the day compared with EA and SA, with lower
FSS values particularly from 1000 h to 1700 h local time,
matching the frequency of core plot.

For lead times of 1 and 2 hr, the FSS plots for EA and SA
show an increase and decrease in accuracy at similar times
of day for both the small and large spatial scales of evalu-
ation. The only difference is in the magnitude of decrease
or increase in FSS values, which is higher at smaller spa-
tial scales, thus exhibiting relatively higher variability in
nowcasting accuracy at smaller spatial scales. The spatial
scales represent the adequacy of the nowcasts in capturing
fine- and large-scale convective features. Thus, it can be
deduced that the model nowcasts are better able to capture
fine-scale convective features during the daytime (com-
pared with the night-time) in SA and EA, when most of the
convection events occur. There is a marked improvement
in the FSS values computed during daytime at lead times 4
and 6 hr for SA and EA domains at both spatial scales. For
a lead time of 4 hr, the nowcasts cross the skilful prediction

threshold at the larger spatial scale, whereas for a lead time
of 6 hr the FSS values almost reach the skilful prediction
threshold around noon local time. During night-time, the
FSS values are relatively lower (compared with daytime)
and show less variability for all domains.

3.3 | Pixel-wise evaluation

So far, we have discussed nowcasting accuracy for different
filter windows (i.e., spatial scales). In this section, we look
at the pixel-wise (MSG native grid) predictive accuracy of
NetNCC. Figure 6a presents the mean precision and recall
values for each study area. Precision reflects the accuracy
of the model, whereas recall represents the ability of the
model to predict a relevant class. In our case, precision
is the proportion of predicted core pixels that are actually
cores, and recall is the proportion of core pixels correctly
predicted as core. An ideal model would have high pre-
cision and high recall, thereby correctly identifying core
occurrence. As expected, the precision and recall decrease
with lead time for all domains. For longer lead times, the
precision is small as the number of false positives is high.
A relatively higher number of pixels are classified as core
at longer lead times by the model (see Figure 3d-g), which
leads to an increase in false positives. For a lead time of
1 hr, the mean precision is higher than recall, whereas for
lead times >1hr the recall is slightly higher than precision.
On average, precision and recall values for EA are rela-
tively higher, followed by SA in terms of precision. Note
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that most of the predictions made by the model are true
negatives, meaning that the model is able to correctly pre-
dict the absence of cores the majority of the time. On a
pixel-wise basis, the model’s accuracy is more similar for
all domains compared with the previous neighbourhood
FSS analysis.

Figure 6b shows the receiver operating characteristic
(ROC) curves for all lead times. ROC curves are commonly
used in meteorological forecasting to look at true- versus
false-positive prediction rates for a binary classifier at dif-
ferent thresholds (probability values in this case). The goal
is to have a model that has high true-positive rates for
low false-positive rates such that the area under the curve
is large. At 1-2hr lead times, the EA and WA domains
have higher true-positive rates for the same false-positive
rate than the SA domain, with WA showing slightly higher
rates. However, for longer lead times (>3 hr) the EA now-
casts (yellow lines) show better performance than the
other two regions. Different from the results using a neigh-
bourhood metric (FSS) sensitive to spatial patterns, the
ROC curves suggest that the nowcasts for WA are rela-
tively a bit better than the SA domain at the pixel-wise
level at short lead times, when potential displacement
of convection is still small. However, the skill for WA
decreases markedly at longer lead times, aligning with the
FSSresults. Though one might expect the longer-lived con-
vection in WA to enhance predictability at extended lead
times, the lower skill seen in both ROC curves and FSS
indicates that accurately displacing organized but often
isolated systems is more challenging for NetNCC than
nowcasting more frequent, scattered convection tied to
persistent landscape features in EA and SA.

3.4 | Spatial prediction accuracy

Regional circulation patterns and topography often affect
the development of convective cores at fine spatial scales.
Additionally, for an image-based deep-learning model, it
is expected that the predictability of cores will vary across
different parts of the image depending on the spatial fea-
tures inherent in the training data. Here, we use the Brier
skill score (BSS) to evaluate the model’s spatial accuracy.
BSS has extensive usage in verifying probabilistic predic-
tions in meteorology (Brier, 1950; Weigel et al., 2007). We
use a modified version of BSS to account for persistence
instead of climatology to set a more stringent baseline for
the nowcasts. Equation (3) is used to compute Brier Score
and BSS:

N
. 2
Brier Scorepred = Z[Vpredn —o,]%, (3)

n=1

AHMAD ET AL.
N
Brier score;, = Zl'yto —onl?, )
n=1
Brier scorepred
BSS=1- ——— ©)

Brier score;,

where ypreq = is probability of predicted core, y;, is persis-
tence (core at time ty), o is the observed core (0 or 1), n is
the sample (image) number, and N is the total number of
samples (images for evaluation). BSS values range from 0
to 1. We are using BSS to measure the relative skill of the
forecast compared with persistence. Therefore, BSS = 1(0)
means that the nowcast has perfect (no) skill compared
with persistence, whereas a negative BSS value means the
nowcast is less accurate than persistence. The goal is that
the Brier score should be near 0, whereas the BSS should
be near 1 for perfect predictions.

Figure 7 shows BSS spatial maps for the three domains
at four lead times. The maps show BSS values for now-
casts smoothed to a spatial scale of ~45km (filter window
equal to 15 x 15 pixels). The general accuracy as depicted
by BSS values is high (> 0.3) for lead times up to 4 hr and
decreases relative to lead time for all regions. As expected,
BSS values are highest for areas where the average fre-
quency of cores is large (comparing Figures 2 and 7), partly
by giving the model more opportunity to learn from the
training data and to correctly calibrate probability values.

Overall, the maps indicate that the model is able to
learn about the impacts of local topography and water bod-
ies on convection. For example, there are high values of
BSS over and near large water bodies (Lake Malawi in
SA and Lake Victoria in EA). Similarly, higher BSS val-
ues are noted for locations where sharp elevation gradients
are present in all three domains (such as the western part
of EA domain near the DRC border and over Guinea in
WA). An interesting location where the model performs
well for all lead times in SA is the valley between longi-
tudes 29°E and 31°E. It lies between two sharp elevation
gradients which facilitate orographic lifting leading to con-
vective activity. The sensitivity of nowcasting accuracy to
location is clearer at lead time of 6 hr. It is worth noting that
even for short lead times of 1 and 2 hr the model’s nowcast-
ing performance is considerably higher than persistence
(BSS > 0.5). It indicates the added value of the nowcasts
at such short time periods given the rapid evolution of
convective structures.

There are a few locations where the model yields neg-
ative BSS values meaning that it performs worse than
persistence, such as the lower part of the WA domain.
There are very few convective cores (as defined in our
study) that occur in this region and thus it is expected that
the model’s nowcasting accuracy would be limited in that
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Spatial maps showing the accuracy of the nowcasts compared with persistence using Brier skill score (BSS) for different

lead times (¢, + lead time). The last column shows elevation maps. The spatial variability in BSS values is similar to the variability in core
occurrence frequency (Figure 2). Large BSS values indicate the locations of high nowcasting accuracy for the model (such as encircled areas
that correspond with elevation gradients). SA: southern Africa; EA: eastern Africa; WA: western Africa; LM: Lake Malawi; LV: Lake Victoria.

‘White lines show coastline, and lakes are shown in cyan.

region. The spatial maps also show some model deficien-
cies along the edges. Model performance is limited due to
common image segmentation errors such as edge effects
and kernel issues and missing information on existing con-
vection outside the domain which become more important
for longer lead times (e.g., in WA at lead time of 6 hr).
However, these errors are small in magnitude and can be
removed using a first-order approach such as spatial 2-D
convolution using a small filter window.

Another important point highlighted by the spatial
maps of BSS is that while the general FSS magnitudes
were comparably low for WA (Figure 4), the BSS values
are high even for lead time of 4 hr across the majority of
the WA domain (Figure 7). Considering the long-lived
nature of convective storms in WA during July to Septem-
ber, persistence could yield adequate accuracy at least for
short lead times. However, we note in Figure 8 that Brier
score values for nowcasts are much lower as compared
to persistence. Brier score values for nowcasts are larger

in magnitude for locations with high inherent frequency
of core occurrence. However, the Brier score values for
persistence are even higher, thus resulting in positive BSS
values. In addition to the general BSS maps included in
this section, we also explored spatial accuracy of nowcasts
for different times of day. The results are presented in
Appendix B and are provided to help operational forecast-
ers better understand the performance of the nowcasts in
different domains throughout the diurnal cycle.

3.5 | Comparison with existing
nowcasting methods

Anderson et al. (2023) predict the probability of convective
cores at lead times of 0 to 6 hr using a historical clima-
tology, conditioned on the location of real-time cores. The
method was developed as part of the Nowcasting Flood
Impacts of Convective storms in the Sahel (NFLICS).
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(a) Spatial maps showing Brier score computed for nowcasts at each location for the western Africa (WA) domain for

different lead times. (b) As (a) except for persistence; that is, cores at time .

NFLICS predicts the probability of core occurrence at dif-
ferent spatial scales (neighbourhoods) surrounding each
grid point. The method was shown to be skilful, partic-
ularly at longer lead times. The primary dataset used for
NFLICS and NetNCC is quite similar; that is, TIR T},. Here,
we compared the nowcasts produced by NFLICS with Net-
NCC for July, August, and September of 2020-2022. The
NFLICS nowcasts were provided at a 5 km regular grid and
are regridded on the MSG-based NetNCC grid (~3 km) for
comparison.

Figure 9 shows the Brier score computed for NetNCC
and NFLICS nowcasts at lead times 1, 2, 4, and 6 hr for
the WA domain. The scores were computed at a spatial
scale of 45 km to account for displacement errors and limit
the double penalty effect. NetNCC outperforms NFLICS at
all lead times considered, with much lower Brier scores.
Spatially, NetNCC nowcasts are constrained by local con-
vection and less tied to the climatological frequency of core
occurrence. NetNCC nowcasts exhibit better spatial sharp-
ness, with higher probability magnitudes predicted over
localized areas driven by cold cloud temperatures at the
nowecast initiation time. In comparison, NFLICS predicts
lower probability magnitudes over larger areas surround-
ing the cold cloud temperature pixels. Figure 9a-d shows
the general increase in Brier score computed for NetNCC
as lead time increases, particularly for regions with higher
frequency of cores (Figure 2c). The values are much lower
for a lead time of 2 hr relative to 6 hr, as is reflected by

the FSS values in Figure 4. The relative differences in
Brier scores for different lead times in NFLICS are more
muted. The spatial pattern in Brier score values for both
models is similar to the spatial variability in frequency of
core occurrence (Figure 2c). This is more noticeable for
NFLICS, where we note higher Brier score magnitudes
for areas of different percentages of core occurrence in
the dataset. Historical climatology is an important part of
NFLICS nowcasts, and the similarity in spatial patterns of
accuracy and frequency of core occurrence is expected.

An indirect comparison with the methodology used by
Burton et al. (2022) shows skill at similar spatial scales.
Burton et al. (2022) used pySTEPS (Pulkkinen et al., 2019)
to nowcast satellite-derived convective rain rate in West
Africa and showed that mean FSS values greater than 0.5
showed skill in convective rain rate nowcasts to around
1.5hr at 8km and to around 2.5hr at 64 km scale. They
used an optical flow method to propagate convective rain
rates derived from several MSG SEVIRI channels in the
visible to infrared wavelengths (Lahuerta, 2021). The spa-
tial scales at which they obtained skilful nowcasts are sim-
ilar to NetNCC for 1 hr (< 9km) and 2 hr (~30km) in WA.
Burton et al. (2022) reported a diurnal variation in skill
with the lowest performance in nowcasts that are initial-
ized at 1500 UTC. In contrast, we note better performance
as represented by FSS values for nowcasts initialized in the
afternoon (Figure 5), although the Brier scores are higher
in the evening in WA.
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Brier score computed for (a)-(d) Network for Nowcasting Convective Cores (NetNCC) and (e)-(h) Nowcasting Flood

Impacts of Convective storms in the Sahel (NFLICS) in western Africa at ~45km spatial scale. Predictions for July, August, and September

from 2020 to 2022 were used to compute the monthly averaged accuracy.

3.6 | Real-time evaluation during testbed
Along with the statistical metrics computed using histor-
ical data, NetNCC was also tested in real time during a
2-week “Forecasting Testbed” held in Lusaka, Zambia in
January-February 2025. This event was organized by the
Early Warning for Southern Africa project under the UK
Weather and Climate Information Services (WISER) (UK
Met Office, 2025b) programme and provided an opportu-
nity to pilot nowcasting tools in real time. Further details
about the testbed are available on the WISER testbed web-
site (UK Met Office, 2025a). NetNCC nowcasts are avail-
able in near real time on the UK Centre for Ecology and
Hydrology’s nowcasting portal (https://africa-hydrology
.ceh.ac.uk/nowcasting/). These nowcasts were evaluated
at subhourly, hourly, and daily temporal scales. The now-
casts were able to capture medium- to large-scale convec-
tive cores very well, particularly at short lead times. At
longer lead times, the nowcasts usually predicted non-zero
probabilities in the general area where cores eventually
occurred. The participating forecasters used NetNCC in
addition to a suite of other satellite-based products and
found it more useful for the 2 hr impact-based nowcast.
The nowcasting performance was especially robust in
regions of high precipitation where the storm impact was

significant, highlighting the considerable potential that
NetNCC has for impact-based forecasting.

We include one case of using NetNCC to track hourly
storm development during the testbed in Figure 10. In
this case, a convective system developed as the sea breeze
from the ocean moved inland over Mozambique. The first
row shows cloud-top temperatures (Tp). At 1100 h local
time (UTC + 0200), cold clouds were already observed at
the coastline near latitude —19° S and longitude 37° E.
The storm matured and propagated over the next couple
of hours such that a large, cold cloud system was noted
around 1300 h local time. Comparing the nowcasted ver-
sus actual cores, it was seen that core development and
propagation was well predicted by NetNCC at the 1 hr lead
time. The nowcast probability magnitudes increased as the
storm matured from 1400 h local time onwards. It is inter-
esting to note that the two cores at 1600 h local time were
well predicted 1hr prior as the Ty at 1600 h local time
shows two distinct cold regions. The evolution of cores was
well captured, showing that the model implicitly learned
the physical processes that contribute to the expansion and
inland propagation of the sea-breeze-driven convective
system. NetNCC is developed to help forecasters in oper-
ational nowcasting, and its utility in tracking convective
storms in real-time was well tested during the testbed.
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FIGURE 10

Network for Nowcasting Convective Cores (NetNCC nowcasts for lead time of 1 hr for a convective system that developed

on the coast of Mozambique on February 2, 2025. The white line shows the coastline. Map titles show the local time (LT; UTC + 0200) in

Mozambique. Thermal infrared (TIR) brightness temperatures in the first row highlight the location of cold clouds, and the second row

shows the probability of cores nowcasted using the TIR brightness temperatures. Comparison of core probabilities with the actual cores

observed at the time shows that NetNCC captured the evolution of the convective system as it moved northwest due to the interaction

between sea breeze and land surface.

4 | DISCUSSION

NetNCC was developed with the motivation to use as few
as possible near-real-time observations to adequately now-
cast convective cores at short time ranges at a high spatial
resolution using a simple model architecture. These goals
were mostly achieved as detailed by the evaluation in
Section 3. A simple and easy-to-train model with adequate
accuracy was developed. The primary source of skill in
NetNCC is the high-resolution TIR Tj input data and the
custom loss function. The loss function we use for train-
ing is well suited for the type of spatial features the model
attempts to predict. The model implicitly learns about
atmospheric wind direction as the TIR Ty values move
across the image and become colder or warmer within the
successive time step images over the last couple of hours.
The model further learns about the underlying climatology
of convective systems from the 15 years of training dataset.
Thus, such a simple model is able to provide skilful now-
casts up to 4 hr ahead. The learned climatology becomes
more important at a lead time of 6 hr, as apparent from the
accuracy maps in Figure 7.

The results also highlight some limitations in the
described model architecture and nowcasting accu-
racy. First, NetNCC is dependent on the availability of
near-real-time TIR radiances. In the case thate TIR images
become unavailable or there is a disruption in EUMETSAT
data transfer, the model would have no operational now-
casting capability. As with most deep-learning models,

training NetNCC required considerable computational
memory. However, once trained, the model predictions
are made in seconds. In addition, the model does not
achieve skilful predictions for a lead time of 6 hr even at
large spatial scales. Some cases show that irrationally high
core probabilities that span large areas are predicted along
the western edge of EA domain for a lead time of 6 hr.
Similarly, for WA, edge-effect-based errors were observed
at a lead time of 6 hr along the top edge of the domain
where the training data have very few cores from which
to learn. Surprisingly, it was also seen that using only two
months (for 15years) of data to train the lead time of the
6-hr model yielded better results than using three months
(for 15years) of data to train the model, which showed
local biases along the edges. We tried to remove the bias
using (a) a larger filter window, (b) a pixel-wise loss func-
tion, and (c) a larger filter window in conjunction with a
pixel-wise loss function for a model pretrained with a spa-
tially enhanced FSS loss function. However, using a solely
pixel-wise or pixel-wise combined with spatially enhanced
loss function for a lead time of 6 hr model reduces the
model’s ability to predict almost any cores. Further work
is needed to improve the model’s nowcasting accuracy
at a lead time of 6 hr, which could potentially involve
using additional channels with more persistent predictive
power as input, such as land surface temperature (Taylor
et al., 2022) and wind shear (Maybee et al., 2024).
NetNCC is trained for peak rainy seasons and has
lower nowcasting accuracy for the dry months (results not
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included). The low statistical accuracy during dry months
is due to both the lack of convective core occurrence
in the test data for dry months and the model’s limited
extrapolation abilities. The model learns to emulate atmo-
spheric conditions during the rainy season and, in general,
gives similar results across domains in terms of convective
core development. One potential way forward to improve
year-round nowcasting accuracy would be to train the
model using data from all the months, thereby yielding bet-
ter nowcasting accuracy during the dry months. However,
it is expected that using data from all the months would
lower nowcasting accuracy during the peak rainy season.

NetNCC has high reproducibility courtesy of its simple
model framework. It can be implemented for any domain
as long as TIR radiances for that domain are available at
a suitable spatial and hourly temporal resolution. In the
interest of space, we did not include nowcasts for lead
times less than 1 hr. The model is able to predict convec-
tive cores at 15 and 30 min with high accuracy (FSS >
0.7) at a very fine spatial resolution (~3km). The model
was tested with different inputs to understand the physi-
cal interpretability of the nowcasts (results not included).
Nowcasts produced by the original model set-up (three
successive TIR T}, images as input) were compared with
a test case in which the first two input channels were
replaced with the TIR Ty, image at #,. Thus, the model was
provided information that showed no temporal change
in the propagation of cold Ty clusters or the cooling or
warming of cold pixels. The nowcasts produced by the two
models were similar in predicting the location and prop-
agation of large cores due to very cold clouds. However,
the test case nowcasts predicted low or zero probabilities
for smaller-scale cores. The test results indicated that the
prediction of large core propagation was primarily driven
by the TIR Ty, image at ty. The prediction of locally initi-
ating cores was more sensitive to all the successive TIR Ty
images that contained information about the temporal and
spatial features in TIR T}, values.

We used MSG SEVIRI data in this study owing to
its extensive temporal coverage. Meteosat Third Gener-
ation (MTG) data became available in 2025. Thus, we
do not have enough data for retraining the models for
MTG, but we do have enough observations for testing
purposes. The model trained using MSG data was tested
by using MTG-derived TIR T values in a similar wave-
length (10.5 pm vs. 10.8 pm). For a direct comparison, we
only used MSG and MTG files available at the same time
(every 30 min). Both the datasets were regridded to a reg-
ular 0.05° grid for consistency. The model was trained
using MSG data from July-September 2005 to 2019 and
tested separately using MSG and MTG data for July 2025.
The results showed good transferability for MTG such that
similar nowcasts were made by both datasets driven by

Royal Meteorological Society

very similar input TIR Ty values (figures not included as
the results are visually very similar). MTG-based nowcasts
tend to have larger spatial buffers around the locations
of true cores with slightly higher probability values pre-
dicted. Differences in FSS and Brier score values computed
for the two sets of nowcasts are minimal. Considering that
MTG data are provided at a finer grid (~2km) than MSG
(~3km), it is expected that MTG will have higher ampli-
tudes capturing small-scale features such as colder cloud
temperatures. Any difference (however small) in the input
TIR T, values tends to impact the nowcast probability at 4
and 6 hr lead time more. Based on the results, it seems that
fine-tuning MSG-trained model using MTG data should
help eliminate any differences in accuracy.

We note higher variability in nowcasting accuracy
across the domain at longer lead times. Moving for-
ward, the model will be tested by adding land surface
information at different scales in an effort to improve
the nowcasting accuracy across the domain, particularly
during the afternoon and evening hours when most of
the cores occur Taylor et al. (2022). There is a consider-
able class imbalance within the target data due to the
nature of convection occurrence. One possible avenue of
future research is the modification of the loss function to
explicitly address this class imbalance. It is important to
customize the loss function in a way that retains the spa-
tial structure of cores while giving more importance to the
instances of core occurrence which are relatively scarce.
The current framework only uses brightness tempera-
tures from the 10.8ym MSG channel since the convective
core target data is also extracted from that channel. It is
possible that relevant complementary physical informa-
tion may be obtained from other MSG channels as well,
particularly from the visible bands during daytime. A
multi-channel approach may improve the domain-wide
accuracy by providing complementary information. In
that case, the channel selection would need to consider
the ability of radiation at a particular wavelength to char-
acterize convective core development or propagation. In
addition, modifying the model target data to focus on
convection events that result in extreme precipitation
would advance impact-based forecasting capabilities of
the model. For at-risk regions, where early warning sys-
tems for extreme weather do not exist at present, a satellite
observation-based model like NetNCC could provide
considerable socioeconomic benefit.

5 | CONCLUSION

Nowcasting convective cores is important for extreme
weather prediction and early warnings system develop-
ment. We introduce an easy-to-implement deep-learning-
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based model for convective core prediction in this article.
NetNCC is developed to help operational forecasters in
nowcasting deep convection and potential extreme pre-
cipitation in regions with limited ground-based radars.
Our model uses satellite observations of TIR T} as input
to probabilistically predict the propagation and initiation
of convective cores at short time ranges. NetNCC can be
run efficiently on a basic CPU with minimal data process-
ing or data storage needs and provide useful nowcasts at
regional scales.

NetNCC wuses a neighbourhood-based spatially
enhanced loss function that accounts for TIR T,s in
nearby pixels when computing the loss for each pixel in
the domain image. FSS is used as the training loss func-
tion. The model is tested using a range of metrics in space
and time (including FSS at different spatial scales). There
is no transfer of error, as the latest nowcasts are available
at every 15 min independent of the previous nowcast. Any
changes in the movement of cold clouds is captured by
the updated nowcast. The model output is updated with
new images every 15min and provides operational fore-
casters the most up-to-date predictions in near real time.
Operational nowcasts for the three domains discussed in
this article are available at the UK Centre for Ecology and
Hydrology’s nowcasting portal https://africa-hydrology
.ceh.ac.uk/nowcasting/.

The model is tested for three regions: WA, EA, and
SA. Skilful predictions are made for a lead time of 1 hr at
a very fine spatial resolution (~3km) for all regions. For
a lead time of 2hr, the nowcasts are considered skilful
at a spatial resolution of <~30km, whereas for lead time
of 4hr the nowcasts cross the skilful prediction thresh-
old at a spatial resolution of <~180km in SA and EA and
at ~270km in WA. Nowcasting accuracy usually changes
with the time of day. Prediction accuracy starts improv-
ing around 0800 local time for SA and EA as higher FSS
values are observed for all lead times during the daytime.
In general, the EA domain has relatively higher pixel-wise
and spatial-scale-based accuracy at all lead times (partic-
ularly at shorter lead times). For a onger lead time of
6 hr, most metrics indicate similar performance of Net-
NCC nowcasts in the EA and SA domain, with slightly
better performance in the SA region at finer spatial scales.
WA nowecasting performance, though objectively useful, is
relatively lower than the other domains at all lead times
for the neighbourhood-based FSS evaluation, whereas it is
comparable to the other domains at the pixel-wise level.
Compared with persistence, the FSS values show improved
accuracy of the nowcasts for all domains at all lead times
(in particular for lead times <3 hr).

Nowecast accuracy is noted to be better for regions
where the frequency of core occurrence is higher due
to local topographic and convection-enhancing features.

Locations near large water bodies and elevation gradients
have relatively higher predictive accuracy, indicating the
model’s capability to learn the atmospheric contributors
to the type of convection generally prevalent in the study
areas. The real-time case study from a testbed discussed in
this article shows the model’s ability to capture the propa-
gation of the convective system as it moves inland from the
coastline of Mozambique. NetNCC was able to nowcast a
convective system originating from the inland propagation
of a sea breeze circulation.

Spatial predictive accuracy decreases with lead time for
all regions. Nowcasting at longer lead times may require
information about other atmospheric factors as suggested
by the model performance. We plan to further explore the
utility of the model at longer lead times by adding multi-
ple, independent sources of information at fine and coarse
scales regarding land surface and atmospheric conditions.
In addition, modifying the model to include information
about other non-local features in the form of latent vari-
ables could potentially improve the prediction accuracy of
convective cores at longer lead times.
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APPENDIX A. MODEL DEVELOPMENT

Extensive systematic tests were conducted to obtain
the current NetNCC framework. The goal was to have a
nowecasting model with the smallest number of parameters
that require training with the highest achievable predic-
tion accuracy. Initial tests used binary core data as input
(similar to NFLICS) instead of TIR Ty, to predict binary
core masks at the prescribed lead time. However, we found
that using normalized TIR as input yielded better accu-
racy compared with using cores at preceding time steps as
input. Successive TIR images contain information about
cloud cooling or warming and can, therefore, better predict
core expansion or disintegration, particularly at smaller
spatial scales. The models trained for specific domains
(and specific months) were tested using input data from
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another domain (and different months) to evaluate model
transferability skills. The results showed that the models
were able to predict the general location of core occurrence
with varying probability values, indicating the model’s
ability to learn the first-order physics behind convective
core development. However, the models were often unable
to correctly predict the exact location of core occurrence
due to different learned core propagation speeds.

Similarly, different versions of the model were trained
and tested where one set included the time of day being
predicted as input while the other set ignored the impact
of time of day in predicting cores at all lead times. It was
observed that adding the time of day as a positive sine func-
tion (0 at midnight and 1 at noon) improved the prediction
accuracy at longer lead times. Preliminary tests included
adding time of day as an input channel such that all pix-
els had the same hour and minute value of the time being
predicted. However, that decreased the sensitivity of the
nowcast to the TIR image at time ¢, (time when prediction
is initialized), and thus decreased the nowcast accuracy.
Adding time of day as a variable during the last image
reconstruction skip connection (see Figure 1a) worked
best in terms of nowcasting accuracy.

An important testing step during model development
focused on using near versus far past TIR images to predict
the future. Sample tests were conducted using TIR images
from time steps in the past equal to the lead time. In other
words, for a lead time of 2 hr, three TIR images at time
to, to — 2hr, and ty — 4 hr were used as input. The results
showed that for lead times > 1 hr the TIR image at time £,
and f, — 1 hr were most important for accurate prediction.
Considering the rapidly changing atmospheric conditions
during the rainy season within the domains, it is expected
that information from more than 2 hr prior to the time of
prediction would have limited impact on predicting small-
to medium-scale convective activity in the future. The test
results corroborated it.

NetNCC uses spatial information to compute the loss
function during training, and thus it is expected that the
scale of the neighbourhood filter would impact the spa-
tial prediction accuracy. Two sets of simulations tested the
sensitivity of the prediction accuracy to the training neigh-
bourhood filter size and the testing spatial scale used to
compute the statistical accuracy (FSS). It was seen that the
model was less impacted by the training filter size as long
as the radius was kept large enough to capture small cores
(~10km) but small enough to avoid excessive-freedom
issues (which could lead to striped patterns in the pre-
dicted images). A training filter window of 5 X 5 pixels
(~15km x 15km) gave the best results across different
spatial evaluation scales.

The prediction accuracy is considerably impacted by
the evaluation filter window (in other words, spatial scale)

Royal Meteorological Society

at which the statistical accuracy (FSS) is computed. There
is a positive, nonlinear relationship between the spatial
scale used to compute FSS and the FSS value. This indi-
cates that the nowcasting accuracy takes into account the
occurrence of cores in the neighbourhood. Thus, even
if the location of the nowcasted core is not precisely
predicted, the FSS value considers the occurrence of the
core in the general neighbourhood defined by the eval-
uation filter size. Considering the relationship between
extreme rainfall and convective cores, it is important that
the nowcasting model correctly predicts the presence of
extreme rainfall inducing convective systems within the
general neighbourhood. Thus, the increase in accuracy
with respect to spatial scale bodes well for impact-based
nowcasting.

APPENDIX B. DIURNAL CYCLE IN MODEL
ACCURACY

We provide separate accuracy maps for lead times of 2,
4, and 6 hr at different times of day for the three different
domains to further explain the nowcasting ability of the
model (Figures B1, B2, and B3). The errors are quite small
across the domains for lead time of 1 hr when the now-
casts are most reliable and have thus been excluded. These
maps highlight the relationship between nowcast accuracy
and the diurnal cycle for each lead time. Operational fore-
casters can then refer to these maps to get an estimate
of the nowcast reliability at each location at a particular
time of day. Static features, such as elevation gradients and
large water bodies, physically constrain convection in the
SA (Figure B1) and EA (Figure B2) domains, whereas sea
breeze effects are a prominent control on convection in
the WA (Figure B3) domain. The Brier score values for all
domains are quite low but have consistent spatial patterns.

The diurnal cycle in convective initiation and propa-
gation is quite noticeable in the figures. Figure B1 shows
higher Brier score values in SA from midnight to noon
local time over regional lakes, in particular Lake Malawi
(13° S, 34° E), with increasing magnitudes as the lead time
goes from 2 to 6 hr. This corresponds well with the gen-
eral location of convective cores during the night when
land breeze moves towards the warmer water bodies. From
noon to midnight the process is reversed, and we note
higher Brier score values along elevation gradients that
serve as static features driving the wind upwards. The
largest Brier score values are noted from noon to 1800 h
local time, when the majority of cores occur. It is diffi-
cult to predict in the afternoon (when the atmosphere
is quite unstable) what the conditions would be in the
evening, particularly when nowcasting for 6 hr ahead. We
see this manifested in the relatively larger errors in now-
casts for 1200 h-1800h local time at a lead time of 6 hr
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FIGURE B2  AsFigure Bl but for March-May in the eastern Africa domain. Note that the colour bar scale is different here.
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FIGURE B3

(Figure B1k). Similar results are apparent in Figure B2 for
EA as well, where we see higher Brier scores over Lake
Victoria (1° S, 33° E) for nowcasts from midnight to noon.
From noon to midnight, higher Brier scores are seen along
the high-elevation gradients on the borders between the
Democratic Republic of the Congo and Uganda, Rwanda,
Burundi, and Tanzania. The maximum Brier score value
is higher here than the SA or WA domains as the errors
are aggregated over frequently occurring convective cores
along the mountains.

There is relatively limited influence of inland water
bodies in the WA domain (Figure B2). Land breeze effects
seem to be more important from midnight to noon, when
higher Brier score values are seen along the coast of Sene-
gal and downwards. However, higher Brier score values are
noted along elevation gradients around 11° N, 13° W for
nowecasts from noon to midnight. Westwards-propagating
mesoscale convective systems dominate the nowcasts in
WA, as visible from the higher Brier score values from
1800 h to midnight local time. The spatial patterns in
Brier score values during the diurnal cycle are similar

18°W 13°W 8°W 18°W 13°W 8°W

As Figure B1 but for July-September in the western Africa domain. Note that the colour bar scale is different here.

for different lead times, albeit with increasing magni-
tudes from 2 to 6 hr lead time. However, all of the Brier
score values are objectively quite low, with the maximum
values less than 0.2. The model derives its skill from
spatio-temporal TIR information inherent in the input
maps that identify cold regions where existing convective
systems are present and whether the existing systems have
grown or disintegrated over the last couple of hours based
on cooling or warming Ty, values. In addition, newly devel-
oping systems are highlighted by cold T}, values appearing
in the last hour at locations that previously had no sub-
zero temperature values. The model’s skill is dependent
(by varying degrees) on the learned convective core cli-
matology and the recent convection-related information
inherent in the TIR T}, inputs based on the lead time.
Recent TIR Ty, information is the primary source of skill
for both existing and newly developing convective sys-
tems at shorter lead times, whereas the learned climatol-
ogy becomes more important in predicting the direction
and speed of propagation of existing cores at longer lead
times.
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