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1 | INTRODUCTION

Mesoscale convective systems (MCSs) are large, long-lived
clusters of thunderstorms that
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Abstract

Flash flooding from intense rainfall causes major damage and loss of life across Africa,
particularly in the Sahel, where rainfall is dominated by mesoscale convective systems.
Convective cores, which represent regions of intense convective activity, evolve rapidly,
limiting short-term predictability, especially in data-sparse regions where numerical
weather prediction models face substantial uncertainty in convective initiation, evolu-
tion, and organisation. This study presents an object-based deep-learning framework
for probabilistic convective-core nowcasting using geostationary satellite data. Con-
vective cores are identified from Meteosat Second Generation infrared imagery using
a two-dimensional wavelet transform applied at mesoscale spatial scales. The frame-
work is first demonstrated at a single location, where nearby core attributes are used
to predict local core occurrence up to six hours ahead. Explainable artificial intelli-
gence analysis indicates that predictions are driven by physically meaningful factors
related to core proximity, size, and intensity. The approach is then extended to the
western Sahel through Nowcasting with a Core-Aware Spatio-temporal Transformer
(NCAST), a spatio-temporal transformer architecture that models the evolution and
interactions of convective-core populations and produces gridded probabilistic now-
casts. Ablation experiments reveal that self-attention contributes most strongly to
forecast skill, while temporal information becomes increasingly important at longer
lead times. Evaluation against persistence and an operational conditional-climatology
benchmark demonstrates skilful forecasts at one-, three-, and six-hour lead times
using multiple probabilistic and spatial verification metrics. These results highlight
the potential of object-based learning to provide reliable short-range nowcasts in

data-sparse environments.

KEYWORDS

convective storms, deep learning, nowcasting, object-based methods, probabilistic forecasting,
satellite observations

the Tropics, midlatitudes, and subtropics (Laing &
Fritsch, 2000; Zipser et al., 2006). In the Sahel, they provide
a major source of rainfall and are frequently associated
with flash floods, damaging winds, intense lightning, and
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other high-impact hazards (Klein et al., 2021; Mathon
et al., 2002; Panthou et al., 2018). Convective cores, which
correspond to the most active and coldest parts of convec-
tive systems, are short-lived and highly dynamic (Klein
et al., 2018; Markowski & Richardson, 2010). Rapid evo-
lution, strong diurnal variability, and sensitivity to envi-
ronmental triggers make these cores inherently difficult
to forecast, particularly in tropical regions such as Africa,
where sparse in situ observations constrain short-range
predictability associated with convective dynamics further
(Keane et al., 2025; Kniffka et al., 2020; Vogel et al., 2018).

Nowcasting, defined by the World Meteorological
Organization (2017) as forecasting with local detail up to
six hours ahead, provides a practical framework for antici-
pating rapidly evolving convection. Radar networks across
Africa remain sparse (Gijben & De Coning, 2017; World
Meteorological Organization, 2025), making geostation-
ary satellite observations, including those from Meteosat
Second Generation (MSG), essential. Recent satellite-based
nowcasting systems include motion-based approaches,
such as cell tracking and optical flow, which typically
provide useful skill for short-term extrapolation of con-
vective systems and associated rainfall up to 1-4 hours
ahead (Burton et al, 2022; Hill et al., 2020; Pulkkinen
et al., 2019). To address the limitations of pure extrapola-
tion, hybrid schemes combine cloud-top and land-surface
information to capture both propagation and initiation
(Taylor et al., 2022).

Machine-learning methods have increasingly been
applied to modelling convective evolution. Early stud-
ies applied classical algorithms to storm detection,
hazard classification, and short-term evolution using
radar-derived predictors (Billet et al., 1997, Gagne
et al., 2009; Kitzmiller et al., 1995; Mecikalski et al., 2021).
More recently, deep learning has enabled richer spatial
and temporal representations: convolutional neural net-
works extract cloud-top structures (Cintineo et al., 2020),
recurrent networks model temporal evolution (Leinonen
et al., 2023), encoder-decoder architectures generate
pixel-level nowcasts of convective proxies (Lagerquist
et al., 2021), and generative models produce probabilistic
storm nowcasts from satellite imagery (Dai et al., 2025;
Hermes et al., 2025). However, most of these systems
rely on image-based prediction and have been developed
primarily outside Africa, where observational density
and operational constraints differ markedly (Anderson
et al., 2024; Roberts et al., 2022; Taylor et al., 2022).

In contrast, object-based approaches treat convec-
tion as a set of discrete features rather than continuous
images. Such representations reduce data dimension-
ality, improve interpretability, and align closely with
physical storm processes (Dixon & Wiener, 1993; Handw-
erker, 2002). Anderson et al. (2024) introduced an

object-based conditional climatology for the Sahel, provid-
ing domain-wide probabilistic nowcasts of convective-core
occurrence based on the current locations of observed
cores. While computationally efficient and operationally
useful, its predictions depend on the choice of neighbour-
hood scale and do not explicitly incorporate core attributes
such as size, intensity, or proximity, which influence
convective evolution. By conditioning solely on spatial
location through historical neighbourhood statistics, the
approach does not represent convective initiation, inter-
action, or decay explicitly, which may limit its ability to
capture event-to-event variability in convective structure
and activity.

These limitations motivate investigation into how
far the short-term evolution of convective cores can
be inferred from object-level information alone. In this
study, we develop an object-based deep-learning frame-
work trained on compact physical descriptors of convec-
tive cores derived from geostationary satellite observa-
tions at mesoscale resolution. We first assess local pre-
dictability, examining whether the properties of nearby
cores, including their relative location, size, and inten-
sity, contain sufficient information to forecast local core
occurrence. We then extend the framework to the west-
ern Sahel by representing the population of cores over a
two-hour history and modelling their evolution using a
spatio-temporal transformer coupled with a convolutional
decoder. Together, these experiments assess the extent
to which physically informed, low-dimensional descrip-
tors can support probabilistic nowcasting in data-sparse
environments.

The remainder of this article is organised as follows.
Section 2 describes the convective-core dataset and the
conditional-climatology benchmark. Section 3 presents
the object-based modelling framework for single-location
and spatial nowcasting. Section 4 presents the evaluation
methodology and results. Section 5 examines the physical
interpretation, operational considerations, and limitations
of the approach. Section 6 concludes the article.

2 | DATA SOURCES AND
NOWCAST BENCHMARK

2.1 | Cloud-top temperature
and convective-core data

This study focuses on the June-September monsoon sea-
son and uses the western Sahel as the primary domain
(Figure 1). The region spans roughly 5°N-20°N and
19°W-5°W, covering Senegal, Mauritania, Mali, and west-
ern Niger, where deep convection is frequent during the
monsoon (Laing & Fritsch, 1993; Maranan et al., 2018;
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FIGURE 1 Cloud-top

temperature (CTT; °C) from the

MSG 1R 10.8-pm channel over the 18°N
western Sahel study domain on July

3,2023 at 1515 UTC. Convective

cores (red outlines) are identified 16°N
using a two-dimensional wavelet

transform.

8°N

6°N

’

16°W

Taylor et al., 2017; Zipser et al., 2006). Cloud-top temper-
ature (CTT) derived from MSG infrared (IR) observations
(EUMETSAT, 2022) provides an effective basis for identi-
fying convective structures. Colder cloud tops correspond
to higher cloud altitudes and are strongly associated
with deep convection (Adler & Mack, 1986; Zipser
et al., 2006). Although CTT does not measure rainfall
directly, it exhibits strong statistical relationships with
heavy rainfall, lightning, hail, and damaging winds (Maid-
ment et al., 2014). For this study, we use the 2004-2024
archive of MSG Spinning Enhanced Visible and InfraRed
Imager (SEVIRI) IR 10.8-pm brightness temperatures
at 15-minute temporal resolution and approximately
3-4km spatial resolution over Africa. These observa-
tions provide a long, consistent record that has been
widely used to monitor convective activity across the
continent (Anderson et al., 2024; Hermes et al., 2025;
Taylor et al., 2017).

Convective cores are identified using the method
described by Anderson et al. (2024), which builds upon
the wavelet-based approach of Klein et al. (2018) to detect
localised cold features within CTT fields using a multi-
scale two-dimensional wavelet transform. Pixels colder
than —40°C are first retained to isolate deep cloud regions
associated with convection. A Marr wavelet (Marr &
Hildreth, 1980) is applied across spatial scales spanning
approximately 12-150km. Wavelet power is computed
across the range of spatial scales and summed, with can-
didate features identified where the resulting summed

-2
14°W

N
o

=
o

)
o
Cloud-Top Temperature (°C)

wavelet power exceeds the scale-dependent threshold
(a + )%, where a denotes the wavelet scale and f = —8.
Features with minimum CTT warmer than —50°C are
excluded to suppress cloud-edge artefacts. For each
retained feature, the position sy of maximum wavelet
power is recorded as the convective-core location. While
the underlying wavelet methodology was originally devel-
oped in the context of MCS analysis (Klein et al., 2018),
the features identified are interpreted here as individual
convective cores and are not restricted to MCSs.

2.2 | Conditional climatology
benchmark for probabilistic
convective-core nowcasting

As a reference system, we use the conditional climatology
nowcasting approach introduced by Anderson et al. (2024).
This method produces gridded probabilistic nowcasts
based on the observed locations of convective cores at the
nowcast origin time f.

The unconditional climatology is constructed by aver-
aging historical binary convective-core fields at each time
of day t using data from 2004 to 2019. The binary field C,
assigns value 1 to grid cells associated with a detected con-
vective core (wavelet power > 0) and 0 otherwise. Each
field is smoothed using a maximum neighbourhood fil-
ter of size L, ranging from 15 to 155km, yielding the
unconditional probability field P(C;).
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The conditional climatology restricts the historical
sample to dates on which an identified convective core
was present within a predefined neighbourhood S, sur-
rounding the observed core location s at time ¢y. For these
dates, the neighbourhood-filtered fields at verification
times t = ty + 7, where 7 denotes the forecast lead time,
are averaged to produce the conditional probability field
P(C; +-|s0). When multiple cores are present at fy, condi-
tional probability fields are computed independently for
each core and combined using a pixelwise maximum.

Throughout this article, we refer to this operational
implementation as Nowcasting Flood Impacts of Convec-
tive Storms in the Sahel (NFLICS), the project under which
the system was developed and deployed (UKRI Gateway
to Research, 2025). Although originally developed for the
western Sahel, it now operates across Africa in real time
via the United Kingdom Centre for Ecology and Hydrology
(UKCEH) nowecasting portal (UK Centre for Ecology and
Hydrology, 2024). Verification using 2020-2022 demon-
strates skilful probabilistic forecasts at 1-6h lead times,
with forecast skill dependent on neighbourhood scale
while remaining computationally lightweight (Anderson
etal., 2024).

While NFLICS has demonstrated skill and operational
utility, its formulation reflects specific structural design
choices. Because the method conditions solely on core
locations at fp, it does not explicitly represent recent
motion, life-cycle stage, or interactions between nearby
convective features. In addition, the pixelwise maximum
used to combine conditional fields when multiple cores are
present can yield spatially extensive regions of non-zero
probability. These characteristics motivate exploration of
complementary object-based learning approaches that
incorporate additional core attributes and short-term tem-
poral context.

3 | METHODOLOGY

We develop two deep-learning models for convective-core
nowcasting, both built on a physically motivated
object-based representation of convective cores extracted
from MSG retrievals. The objective is to assess the pre-
dictability captured by core-level information alone and
whether this formulation supports both local and spa-
tial forecasting. The first model provides a simplified
proof-of-concept application and produces probabilistic
forecasts of core occurrence at a single location in Dakar.
It is formulated as a binary classification task for forecast
lead times 7 € {1, 3,6} hours, where forecasts issued at
time t, are verified at ty + 7. The second model extends
this approach to generate gridded nowcasts across the

western Sahel at the same lead times. In both cases, a
separate model is trained for each forecast lead time. The
two approaches use an identical data split: 2004-2018
for training, 2019 for validation, and 2020-2024 for inde-
pendent testing. The following subsections describe the
object representations, model architectures, and training
procedures used in each framework.

3.1 | Single-location nowcasting:
application to Dakar

The single-location nowcasting framework is designed to
predict convective-core occurrence at a specified target
site using information from surrounding convective cores
at the nowcast origin time fy,. Dakar, with a population
exceeding three million, is selected as an illustrative appli-
cation. As a major urban centre on Senegal’s western coast,
it is frequently affected by organised convective storm
systems (Agence Nationale de la Statistique et de la Démo-
graphie, 2023; Laing & Fritsch, 1993; Zipser et al., 2006). Its
exposure to propagating West African convection makes it
an appropriate testbed for evaluating short-range nowcast-
ing approaches aimed at reducing weather-related risks in
densely populated areas.

For this application, the context domain is defined as
the region from which convective cores could realistically
influence Dakar within a six-hour period. Based on typi-
cal propagation speeds in West Africa, which rarely exceed
100 km - h™' (Mathon et al., 2002), this corresponds to an
approximately 1300 x 1300 km? (~ 12° x 12°) square cen-
tred on Dakar. Within this domain, an average of three
convective cores are identified per 15-minute analysis
time during periods when convective cores are present
(Appendix A, Figures Al and A2). In this configuration,
only information available at , is used. The resulting fea-
ture vector X, comprises core attributes and timestamp
information and is used to generate forecasts at lead time z.

3.1.1 | Data preparation

At £y, the three nearest convective cores to the target loca-
tion are described by their latitude, longitude, wavelet
power, size (defined as the number of grid cells multi-
plied by 9 km? per pixel), and Haversine distance from
Dakar. When fewer than three cores are present, the input
is padded with artificial non-convective cores (size = 0,
wavelet power = 0) placed randomly just outside the con-
text domain to avoid introducing fixed spatial artefacts.
This padding ensures a fixed-length input without distort-
ing the scaled feature distributions.

95UB01 7 SUOLUWIOD aA 181D 3|t dde ay) Aq peuenob ase sopoiLe VO 85N JO o[l 1oy Akeld1T8UIIUQ AB]1M UO (SUONIPUOD-PUR-SWIS)ALIY™AB | 1M Afe.d 1 jBul JUo//Sdiy) SUORpUOD pue swie 1 ay) 8es *[9202/60/2T] uo AreiqiTauluo (1M ‘ABojoipAH 7 AB0J0o3 104 811ueD YN Aq £0£0L b/200T OT/I0p/W0D" A8 | ARIq 1 UIIUO'SIBWLY//SIY LWO. POpeojUMOa ‘0 ‘X0L82LYT



RAKOTOMANGA ET AL. Quarterly Journal of the 50f29

Royal Meteorological Society

For each forecast lead time 7, a tabular dataset is

constructed in which each row contains the core fea- 8 8 =
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Dropout 0.1

RelLU
X1, — =

{time variables, 3 nearest-core attributes, masks}

FIGURE 2

Dropout 0.1

Dropout 0.1

ReLU| RelL.U Sigmoid
— — — P(C} . =1]|Xy,)

Neural-network architecture of the single-location MLP. The illustrated configuration corresponds to the architecture

selected for the 3-h forecast lead time. The input vector X, contains time variables, attributes of the three nearest convective cores at the

nowcast origin time ¢y, and binary mask variables indicating padded cores. The model comprises hidden layers containing 64, 16, and 8

neurons with ReLU activations and dropout regularisation. A sigmoid output neuron produces the probability P(C? , =1 [X;,) of

ty+7

convective-core occurrence over the target location. The architectures selected for the other forecast lead times are summarised in Table 2.

Best hyperparameter configurations selected using validation AUC for each forecast lead time and model variant.

Hidden layer units denote the number of neurons in successive dense layers. All models use a single sigmoid output neuron.

TABLE 2
Model Lead time Hidden layer units
MLP 1h 128-64-32-16
3h 64-16-8
6h 128-64-32-16
MLP-2T 1h 128-64-32-16
3h 128-64-32-16
6h 128-64-32-16
LSTM-2T 1h 32-16
3h 32-16
6h 32-16

learning rate, and batch size, are selected independently
for each forecast lead time using grid search, with the
area under the receiver operating characteristic curve
(AUC-ROC: Fawcett, 2006) on the validation set used for
model selection. During training, early stopping is based
on validation AUC with a patience of 10 epochs. The
resulting configurations are summarised in Table 2.

To assess whether the proposed deep-learning frame-
work provides advantages over established tabular
machine-learning approaches, four benchmark models
were also considered: logistic regression (LR: Cox, 1958),
support-vector machines (SVM: Cortes & Vapnik, 1995),
random forests (RF: Breiman, 2001), and extreme gradi-
ent boosting (XGBoost: Chen & Guestrin, 2016). These
models were trained using the same input representation
as the MLP and therefore provide a direct benchmark
for evaluating the proposed framework. For each forecast

LSTM Dropout Learning

units probability rate Batch size
- 0.2 1073 128
- 0.1 5x107* 128
- 0.1 1073 128
- 0.2 5x107* 128
- 0.3 5x 107 128
- 0.3 1073 256
32 0.2 1073 128
20 0.2 1073 128
32 0.2 1073 128

lead time, hyperparameters were selected using a grid
search with the same selection criterion. The search was
performed independently for each model and forecast
lead time, and the optimal configurations are summarised
in Appendix B (Table B1).

To assess whether minimal temporal context improves
short-range predictability, two additional variants are
considered. The first, denoted MLP-2T, extends the
single-time-step input representation by concatenating
the feature vectors X, and X, , where {_; =, —1 h and
X, , is constructed identically to X, . The concatenated
feature vector is then processed by an MLP. The second
variant, denoted LSTM-2T, treats the two feature vectors
as a short temporal sequence and processes them using
a long short-term memory (LSTM) network (Hochreiter
& Schmidhuber, 1997). The final hidden state provides a
fixed-length representation of recent convective evolution,
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which is subsequently passed to fully connected layers to
produce the forecast probability.

For each forecast lead time and model variant (MLP,
MLP-2T, and LSTM-2T), hyperparameters were selected
using grid searches with validation AUC as the selec-
tion criterion. For the MLP and MLP-2T models, the
search considered dropout probabilities of 0.0, 0.1, 0.2,
and 0.3; learning rates of 1073, 5 x 107, and 10~#; batch
sizes of 128 and 256; and hidden-layer configurations
of 64-16-8 and 128-64-32-16, yielding 48 candidate
configurations per forecast lead time. For LSTM-2T, the
search additionally considered LSTM layers with 20 or
32 units and dense-layer configurations of 16 and 32-16,
together with dropout probabilities of 0.0 and 0.2, learn-
ing rates of 1073 and 107*, and batch sizes of 128 and
256, yielding 32 candidate configurations per forecast lead
time. The best-performing configuration for each case is
summarised in Table 2.

3.2 | Nowcasting convective cores for a
domain: NCAST

The location-specific formulation is designed to predict
convective-core occurrence at a single target location
and does not produce spatially continuous forecasts
over the analysis domain. To represent spatial struc-
ture and interactions between cores explicitly, this
framework is extended to a domain-wide nowcasting
model over the western Sahel. Detected convective cores
are represented as individual tokens characterised by
their temporal, physical, and spatial attributes and are
processed jointly using a spatio-temporal transformer
encoder. Through self-attention, the model learns inter-
actions between core tokens across both space and time.
The resulting token representations are aggregated using
mask-weighted mean pooling to obtain a global latent rep-
resentation, which is projected onto a two-dimensional
latent grid and subsequently passed to a convolutional
decoder to produce gridded probabilistic nowcasts of
convective-core occurrence at forecast lead time 7. This
domain-scale architecture is referred to as Nowecast-
ing with a Core-Aware Spatio-temporal Transformer
(NCAST).

3.2.1 | Data preparation

The input representation follows the same object-based
philosophy as the single-location model but is adapted
for domain-wide nowcasting. For each time step, the
number of detected convective cores is capped at the
99.99th percentile of observed core counts, corresponding

Royal Meteorological Society

to a maximum of N = 50 cores per frame (Appendix A,
Figure Al). When fewer than 50 cores are present, the
remaining entries are padded with dummy cores placed
randomly within the domain and assigned zero area and
a non-convective CTT of 30°C. When more than 50 cores
are detected, the 50 cores with the coldest CTT values are
retained.

Each core is represented by a feature vector compris-
ing the latitude and longitude of the pixel of maximum
wavelet power, the minimum and maximum latitude and
longitude of the bounding box, core area (number of pix-
els multiplied by 9 km?), the mean CTT within a 3 x 3
neighbourhood centred on the coldest pixel, and a binary
mask indicating whether the entry corresponds to a real or
padded core.

The month and time of day at each lag are encoded
using sine—cosine pairs:

sin o5 o 22

where 0 denotes the month index or time-of-day value
and P the corresponding period (12 months or 24 hours).
These cyclic encodings provide a continuous representa-
tion of seasonal and diurnal variability and form part of
the initial token representation before embedding by the
transformer encoder. The calendar year is omitted because
it does not correspond to a cyclic physical process and
may encourage memorisation of interannual variability
rather than learning generalisable convective behaviour.
The day of the month is also excluded, as Shapley Addi-
tive Explanations (SHAP) analyses of the single-location
model indicated low predictive importance (Section 4.1.2).
Appending the four temporal features to the nine spatial
and physical attributes yields F = 13 features per token.

All positional and physical features are standardised
using statistics computed exclusively from real cores in
the training set. The temporal encodings and binary
mask are left unscaled, as they are already bounded and
dimensionless.

Inputs are sampled every 30 minutes from t, — 2 h (t_,)
to tp, producing a spatio-temporal tensor,

X e RTXNXF

with T =5 time steps, N = 50 cores per time step, and
F = 13 features per core. For each forecast lead time , the
target is a binary spatial field,

Y+ € {0, 1}V,

with H = W = 512, indicating convective-core occurrence
on the native MSG grid over the western Sahel domain.
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FIGURE 3

Schematic architecture of NCAST. The spatio-temporal input tensor X contains object-based representations of convective

cores detected during the previous two hours. Core tokens are embedded and processed jointly by a spatio-temporal transformer encoder. The
resulting contextualised representations are aggregated using mask-weighted mean pooling to obtain a global latent representation, which is
projected onto a spatial latent grid and decoded through convolutional upsampling blocks to produce a gridded probabilistic forecast of

convective-core occurrence SA(IOH at forecast lead time 7.

3.2.2 | Model architecture for spatial core
nowcasting

The spatio-temporal input tensor is reshaped into a set
of Nioxk = T X N = 250 tokens. Each token i is represented
by a feature vector x; € R!*> and mapped into a latent
space of dimension dp,o4e] = 128 using a linear embedding
layer,

hi = Wix; + bin,

followed by dropout with rate 0.2. Stacking these embed-
dings yields

H e RNtok Xt model .

Unlike the original transformer formulation (Vaswani
et al., 2017), no explicit positional encoding is applied.
Spatial and temporal information are provided directly
through core attributes (latitude, longitude, bounding-box
coordinates, and lag-dependent temporal encodings). The
encoder therefore operates in a permutation-invariant
manner with respect to token ordering, as spatial and tem-
poral information are encoded directly within the token
attributes.

The embedded tokens are processed by a transformer
encoder with four layers and four attention heads per
layer. The scaled dot-product attention within each head is
defined as

-
Attn(Q,K,V) = softmax( QK + M>V,
V dhead

where Q = HWj, K = HWg, and V= HWy, are learned
linear projections and M is a padding mask assigning —oo
to logits corresponding to padded tokens.

The encoder outputs contextualised core
representations,

I:I (= RNlok deodel .

These are aggregated using mask-weighted mean pooling,

i=1 "t

Nlok ’
Zi=1 m;

N, ~
Z tokm, hi
hpool = ——~_

where m; € {0,1} indicates whether token i corresponds
to a real core.

The pooled representation is first projected to a vector
of length 128 X 16 x 16 and subsequently reshaped into a
spatial latent tensor,

Zc R128X16><16

This tensor is upsampled to the full 512 x 512 grid using
a convolutional decoder composed of successive blocks
of transpose convolutions, batch normalisation (Ioffe &
Szegedy, 2015), ReLU activations (Nair & Hinton, 2010),
and 2D dropout (Srivastava et al, 2014). A final 1x 1
convolution produces logits

Zout c RHXW

which are transformed into probabilities via the sigmoid
function,
Vipre = 0(Z°™).

Figure 3 provides a schematic illustration of the NCAST
architecture. Training minimises the hybrid loss,

L=aLlygce+(1-a) Espatiala

with « and positive-class weight w;, selected
through hyperparameter optimisation using validation
performance.

The weighted BCE term (Bishop, 2006) is

[y yijlogdi; + (1 — yi) log(1 — ;)]

H
Lpcg = -
-1

M=

1
HW 4

L:

J

Il
—_
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TABLE 3  Best-performing hyperparameter configurations for each lead time based on validation AUC.
Lead time Learning rate Dropout Pos. weight a Val AUC
1h 2x 1074 0.2 25 0.3 0.976
3h 1x107* 0.3 25 0.3 0.940
6h 1x107* 0.3 25 0.3 0.914

where y;; and );; denote elements of Y, .. and Y%H,
respectively. In practice, this term is implemented using a
numerically stable BCE-with-logits formulation.

The spatial consistency term, comparing locally aver-
aged fields over a 9 x 9 neighbourhood (approximately
27 km on the native MSG grid), is aligned with established
neighbourhood-based verification approaches such as the
fractions skill score (FSS: Roberts & Lean, 2008):

Y = AvgPooly,(Y), Y
L B¥ 5
£spatia1: H_sz<j>ij_)_)ij> .

The number of transformer layers, attention heads, and
latent embedding dimension were fixed throughout the
experiments to limit computational cost. Optimisation was
performed using the AdamW optimiser (Loshchilov &
Hutter, 2019).

A targeted one-factor-at-a-time hyperparameter search
was performed independently for each forecast lead time
around a reference configuration. The reference configu-
ration used a learning rate of 104, dropout probability of
0.2, positive-class weight w, = 25, and hybrid loss weight-
ing parameter a = 0.3. Each hyperparameter was then
varied individually while keeping the others fixed, consid-
ering learning rates of 5 x 107>,107%,and 2 x 10~#, dropout
probabilities of 0.1, 0.2, and 0.3, positive-class weights
w, of 10, 25, and 50, and « values of 0.1, 0.3, and 0.5.
Model selection and early stopping were based on valida-
tion AUC, using a patience of five validation evaluations
and a minimum improvement threshold of 0.001. The
best-performing NCAST configuration for each forecast
lead time is summarised in Table 3.

3.2.3 | Ensemble forecasting

To reduce sensitivity to stochastic optimisation and ran-
dom weight initialisation, a five-member ensemble was
constructed for each forecast lead time. Here, “ensem-
ble” refers to independently trained instances of the same
model configuration and not to a meteorological ensemble
generated from perturbations to initial conditions or
model physics; member variability should therefore not

be interpreted as meteorological forecast uncertainty. At
inference time, the predicted probability fields SA{MT from
the individual members were averaged pixelwise to pro-
duce the final ensemble forecast. Unless otherwise stated,
all NCAST results presented in this study correspond to
the ensemble mean.

3.2.4 | Ablation study

To assess the contribution of key components of the
NCAST architecture, a series of ablation experiments were
performed. Three aspects of the model were examined.
First, the amount of temporal context was varied by con-
sidering inputs spanning one, two, three, or five time
steps, corresponding to X, (X X} (X, X X
and the full configuration X, respectively. Second, the
cyclical month and time-of-day encodings were removed
to assess the contribution of temporal information. Third,
the transformer encoder was replaced by a feed-forward
projection, thereby removing self-attention while leaving
the decoder unchanged.

Each ablation variant was trained independently
using the lead-time-specific hyperparameter configura-
tion reported in Table 3. Hyperparameters were not
re-optimised for individual ablation experiments, allow-
ing the impact of each architectural modification to be
assessed relative to the same reference configuration. To
isolate the effect of each modification, ablation experi-
ments were performed using a single NCAST model rather
than the five-member ensemble. Model selection and early
stopping followed the same procedure as the full model
and were based on validation AUC with a patience of five
validation evaluations. All variants were evaluated on the
independent 2020-2024 test period.

4 | RESULTS

Convective-core occurrence prediction is a highly
imbalanced binary classification problem, both for the
single-location models and for the spatial NCAST frame-
work (Appendix A). Performance is therefore assessed
using complementary probabilistic metrics that quantify
discrimination, calibration, overall accuracy, and spatial
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structure. These metrics are introduced here and applied
consistently throughout the analyses that follow.

Discrimination is evaluated using the receiver oper-
ating characteristic (ROC) curve (Fawcett, 2006) and its
area under the curve (AUC), which quantify the ability
of the model to separate convective from non-convective
cases across all probability thresholds by plotting the
hit rate against the false-alarm rate. Higher AUC values
indicate stronger discrimination. Calibration is exam-
ined using reliability diagrams, which compare forecast
probabilities with observed event frequencies, reveal-
ing whether the model systematically overpredicts or
underpredicts convective-core occurrence across the
forecast-probability range. Sharpness is assessed using
the forecast-probability distributions shown alongside the
reliability diagrams, indicating how frequently the model
issues low-, medium-, and high-confidence forecasts.

Overall probabilistic accuracy is summarised by the
Brier Score (Brier, 1950) and its skill score,

n
1 A 2 BSmodel

BS = — i—Yi), BSS=1— ———. 1
"igl Oi =y BSwur ()

The BSS ranges from —oo to 1, with positive values indicat-
ing improvement over the reference forecast.

Because spatial displacement errors affect convective
verification strongly, spatial structure is evaluated using
the FSS (Roberts & Lean, 2008). For a given neighbour-
hood size,

Zi <§1 _yi>2
2 (512 +§12> ’

FSS=1-
where ):)l- and y; denote neighbourhood-averaged fore-
cast and observed event fractions. The score ranges
from 0 to 1, with higher values indicating better spatial
correspondence.

No fixed probability threshold is applied in the pri-
mary evaluation. All metrics are computed using proba-
bilistic forecasts directly, allowing model performance to
be assessed across the full range of forecast probabilities
rather than at a single decision threshold.

These metrics are applied as appropriate to each
component of the study. For the single-location model,
probabilistic evaluation is supplemented by artificial
intelligence (AI) explainability analyses, targeted sen-
sitivity tests, and spatial transfer experiments. For
the domain-wide NCAST model, pixelwise BSS and
neighbourhood-scale FSS are additionally used to assess
forecast spatial organisation across the 1-6 hour lead-time
range.

4.1 | Single-location model performance

4.1.1 | Predictive skill

All benchmark models exhibit useful skill for local
convective-core nowcasting (Figure 4b). XGBoost and
RF achieve the highest AUC values at all forecast
lead times, while the MLP remains competitive despite
its simpler architecture. These results demonstrate that
the object-based core descriptors contain substantial
predictive information for forecasts out to six hours
ahead. The MLP is retained as the main model for
the subsequent single-location analyses, because the
neural-network framework can be scaled up to model tem-
poral evolution and interactions among populations of
convective cores explicitly, as explored later using recur-
rent and attention-based architectures (Section 3.2.2).

The reliability diagrams (Figure 4a) indicate reason-
able calibration at a one-hour forecast lead time, with fore-
cast probabilities broadly aligned with observed frequen-
cies. At three- and six-hour forecast lead times, forecast
distributions shift towards lower probabilities and exhibit
reduced sharpness, consistent with declining predictabil-
ity as forecast lead time increases.

Discrimination performance is shown in Figure 4c,d.
The NFLICS reference forecast was evaluated using a
neighbourhood scale of L = 15 km, matching the 5 x 5 tar-
get neighbourhood used to define convective-core occur-
rence for the single-location approach (Section 3.1.1).
At this scale, the MLP exceeds NFLICS substantially at
a one-hour lead time. At three hours, discrimination
remains strong, whereas the reference forecast degrades
more rapidly. By six hours, the MLP retains useful skill,
while NFLICS approaches no-skill levels.

As shown in Figure 4d, incorporating information
from t_; improves discrimination at three- and six-hour
lead times, indicating that even minimal temporal con-
text enhances predictability. The comparable performance
of the MLP-2T and LSTM-2T variants suggests that, for a
two-time-step sequence, recurrent structure provides lim-
ited additional benefit beyond simple feature concatena-
tion. The positive impact of temporal context motivates
the use of longer temporal histories in the spatial NCAST
framework, where multiple observations are used to rep-
resent short-term convective-core evolution.

412 |
analysis

Explainable AI: Shapley value

To assess the contribution of each input feature to
the predicted probability of convective-core occurrence
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Performance of the single-location object-based framework over Dakar at forecast lead times of 1, 3, and 6 h (green, blue,

and red, respectively). (a) Reliability and sharpness diagrams for the MLP; the grey diagonal indicates perfect reliability. (b) AUC values for
the benchmark machine-learning models: logistic regression (LR), support-vector machine (SVM), multilayer perceptron (MLP), random
forest (RF), and extreme gradient boosting (XGBoost). (c) ROC curves comparing the MLP with the NFLICS conditional climatology. (d) ROC
curves comparing the MLP, MLP-2T, and LSTM-2T architectures. In panels (c) and (d), the diagonal line indicates no discrimination skill.

over Dakar, SHAP values (Lundberg & Lee, 2017) are
used. These provide a theoretically grounded and inter-
nally consistent framework for interpreting complex
machine-learning models. Rooted in cooperative game
theory (Shapley, 1953), SHAP values quantify the marginal
contribution of each feature by averaging its effect over all
possible feature subsets.

For the single-time-step MLP model, which uses only
the core attributes available at the nowcast origin fy, the
input is given by the feature vector X, . The predicted
probability f(X; ) can be decomposed as

d
fXy) = EFX )1+ D s )
i=1
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SHAP summary plots for the 10 most influential features in the single-time-step MLP model at forecast lead times of (a) 1 h

and (b) 3 h. Features are ordered by mean absolute SHAP value, with colour indicating the feature magnitude.

where E[f(X; )] denotes the expected model output over
the chosen background distribution and ¢; is the Shapley
value associated with feature i. Each ¢; is defined as

= ISI! (1Z] = 1S| = 1)! .
¢l_sg§‘{i} Iz [fsuiih-f©], 3

where 7 denotes the index set of input features and S
denotes any subset of 7 not containing feature i. SHAP val-
ues are computed on the test set to assess generalisation
and to quantify feature importance in a manner consistent
with operational use.

We use the official SHAP implementation
(Lundberg, 2018) with DeepExplainer to compute
Shapley values for all lead times. DeepExplainer
approximates exact Shapley values by propagating con-
ditional expectations through the network and assumes
independence between input features. Although this
assumption is not strictly satisfied, given correlations
among spatial and physical attributes (e.g., latitude, longi-
tude, and distance), the resulting feature rankings remain
stable and physically interpretable in this application.
A random subset of the test set is used as the back-
ground distribution, providing a representative baseline
while remaining computationally efficient compared with
model-agnostic methods such as KernelExplainer.

Figure 5 shows SHAP summary plots for the 10 most
influential input features of the single-time-step MLP
model at one- and three-hour lead times. At the one-hour
lead time, the distance to the nearest core (d1) dom-
inates. Smaller distances (low dI, blue) are associated
with the largest positive SHAP values, while larger dis-
tances contribute more weakly, indicating that short-range
predictability is controlled primarily by proximity at

to. This behaviour is consistent with persistence and
short-term advection of nearby systems towards Dakar.
Structural properties of the nearest core, particularly its
area (sizel) and wavelet power (wp1), also contribute pos-
itively, supporting the role of large and intense systems
in sustaining convection over the site. The longitude of
the nearest core (lonl) reflects sensitivity to upstream
positioning further, with east-west location influencing
whether convection is likely to approach or recede from
Dakar.

At the three-hour lead time, proximity remains the
dominant factor, but its effect becomes less concentrated.
The SHAP distribution for dI broadens and exhibits
greater asymmetry, reflecting increased uncertainty in
convective-core evolution at longer horizons. Distances
to secondary cores (d2 and d3) gain relative importance,
indicating that the broader spatial configuration of con-
vective activity becomes increasingly relevant. Structural
intensity indicators (wpl and sizeI) continue to contribute
positively, though with reduced magnitude, consistent
with diminishing persistence effects beyond the immedi-
ate short range.

Temporal features gain relative importance at the
three-hour lead time. Both hour and month exhibit
broader SHAP distributions, indicating stronger mod-
ulation by the diurnal cycle and seasonal background
state. Since these variables are encoded as integers
(hour = 0-23; month = 6-9), higher values of these
variables are generally associated with positive SHAP
contributions, corresponding primarily to afternoon
and early evening hours and to the peak monsoon
months (August-September). This pattern is consis-
tent with the climatology of organised convection in the
western Sahel.
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FIGURE 6 Relative SHAP
importance of grouped fe.atures at 1-, Distance
3-, and 6-h forecast lead times. Each
bar shows the normalised contribution
of feature groups to model predictions, Size

averaged over the test set.

Intensity
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To compare feature importance across lead times, the
mean absolute SHAP value of each input feature is com-
puted over the test set. Relative contributions are obtained
by normalising the mean absolute SHAP values across
physically interpretable features only (excluding padding
masks, day-of-month variables, and the year variable).
Features are grouped into seven categories—distance, size,
intensity, season, time of day, latitude, and longitude—and
category-level importance is calculated by summing
normalised contributions within each group at each
lead time. Figure 6 summarises the resulting relative
importances.

At short lead times (1-3h), predictability is gov-
erned primarily by core-specific attributes, with distance
accounting for more than half of the total relative impor-
tance. Size and intensity provide additional contributions,
indicating that the model also relies on information
related to the persistence and organisation of nearby con-
vective cores. By 6 h, the importance of distance decreases
substantially, while temporal and spatial context, par-
ticularly season, time of day, and latitude, becomes
increasingly important. The increasing role of latitude is
consistent with the preferred meridional corridor of organ-
ised convective activity over the western Sahel (Laing &
Fritsch, 1993; Taylor et al, 2017), which influences
whether convective systems are favourably positioned to
affect Dakar at longer lead times.

The SHAP analysis therefore reveals a coherent hier-
archy of predictors: very short-range skill arises mainly
from proximity and persistence, whereas longer-range
skill reflects increasing modulation by background cli-
matological and environmental conditions. While SHAP
values quantify model reliance rather than causality,

20 30 40 50 60
Total Relative SHAP Importance (%)

the alignment between learned feature importance and
established convective dynamics supports the physical
plausibility of the model behaviour.

413 |
analysis

Counterfactual spatial sensitivity

To examine the model’s sensitivity to the spatial placement
of upstream convection, we construct controlled coun-
terfactual inputs consisting of synthetic clusters of three
convective cores. The three-core configuration matches
the input structure of the single-time-step MLP and is
intended to represent a compact organised convective sys-
tem. The cluster is translated systematically across the
context domain, with its centroid placed at each grid
point surrounding Dakar. The two additional cores are
generated using small Gaussian perturbations (standard
deviation 0.2°) with a fixed random seed to preserve spa-
tial coherence. Wavelet power and core area are fixed to
their median values in the training set. All remaining
non-spatial attributes are held constant except in experi-
ments that examine seasonal or diurnal effects explicitly.
Consequently, variations in the predicted probability arise
solely from controlled changes in the spatial configuration
of the synthetic cluster.

At each grid point, the model-predicted probability
of convective-core occurrence over Dakar is evaluated
conditional on placing the cluster centroid at that loca-
tion at the nowcast origin time f,. Sensitivity is defined
as the difference between this conditional probability
and the corresponding NFLICS unconditional climato-
logical probability for Dakar at the same lead time and
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FIGURE 7 Spatial sensitivity of the single-location MLP model to the placement of a synthetic three-core cluster on July 15, 2020.

Panels show probability differences relative to NFLICS unconditional climatology. Columns correspond to lead times of 1, 3, and 6 h; rows to
nowcast origin times (1200, 1500, and 2100 UTC). Colour scales differ across lead times.

target hour, evaluated using the same 15-km spatial scale
adopted in the target definition.

For visualisation, probability differences are smoothed
using a Gaussian filter (¢ = 1) to highlight coherent spa-
tial patterns. Positive values indicate locations where
upstream convection increases the predicted likelihood of
convective-core occurrence over Dakar relative to clima-
tology, whereas negative values indicate locations associ-
ated with reduced likelihood.

Figure 7 presents sensitivity fields for three represen-
tative nowcast-origin times on July 15, 2020 (1200, 1500,
and 2100 UTC) across one-, three-, and six-hour lead
times. Figure 8 shows the corresponding seasonal sensi-
tivity patterns for June-September at a fixed origin time
(1500 UTC). At short lead times, the sensitivity patterns
are qualitatively similar in both figures. At the one-hour

lead time, positive sensitivity is highly localised around
Dakar and confined to a narrow region immediately
upstream of the city, consistent with a near-deterministic
regime dominated by short-range advection and persis-
tence. Weakly negative sensitivities at larger distances
indicate configurations for which upstream convection is
unlikely to influence Dakar within one hour and there-
fore contributes little additional predictive information
beyond climatology.

By three hours, the region of positive sensitivity broad-
ens modestly inland while remaining centred near Dakar.
Spatial gradients weaken and become more heteroge-
neous, indicating increased uncertainty in convective-core
evolution and propagation. Sensitivity is enhanced to the
east and southeast of Dakar, suggesting that prior convec-
tion in these sectors is more likely to result in a core over
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FIGURE 8 Seasonal variation in spatial sensitivity of the MLP nowcasting model to synthetic upstream convection, shown as

probability differences relative to NFLICS unconditional climatology. Columns denote lead times (1, 3, 6 h); rows denote months

(June-September). The nowcast origin time (1500 UTC) and year (2020) are fixed. Colour scales differ across lead times.

Dakar three hours later. This asymmetry is consistent
with the climatological westward movement of organised
convection associated with the African Easterly Jet.

At the six-hour lead time, the sensitivity patterns
become qualitatively different. Sensitivity patterns become
substantially broader, with enhanced values extending

far inland across southern Mauritania and northern
Mali. This inland expansion and east-west asymmetry
are consistent with the preferred westward propagation
and organisation of Sahelian convective systems (Laing &
Fritsch, 2000; Maranan et al., 2018; Mathon et al., 2002).
Spatial gradients weaken further, indicating reduced
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deterministic influence of individual upstream features at
this horizon.

At this lead time, remote cores to the east are asso-
ciated with increased probability over Dakar, whereas
cores located close to Dakar six hours earlier tend to
suppress subsequent development. This behaviour is con-
sistent with documented recharge-discharge character-
istics of Sahelian convection, whereby deep convection
locally consumes available instability and reduces the like-
lihood of renewed development until instability has recov-
ered (Birch et al., 2013; Taylor et al., 2017). Concentric
temporal organisation of rainfall systems of this type has
also been studied by Bassford et al. (2025).

Diurnal modulation is most evident at the six-hour
lead time (Figure 7). Sensitivity fields show an advanc-
ing region of negative probability difference progress-
ing from the southeast between £, = 1200 and 2100 UTC.
The boundary between enhanced probability to the north
and west and reduced probability to the south and east
is sharp and approximately linear, propagating roughly
450km over nine hours (approximately 14 m - s71). This
behaviour is consistent with the influence of convectively
generated gravity waves and mesoscale cold-pool outflows
on the organisation and timing of deep convection over
West Africa (Birch et al., 2013).

A clear seasonal modulation is also evident at the
six-hour lead time (Figure 8). During August, positive sen-
sitivity regions are more extensive and coherent, extending
farther inland and showing stronger values to the south.
This pattern is consistent with enhanced low-level mois-
ture, deeper instability, and a more intense and zonally
coherent African Easterly Jet during the core monsoon
period (Laing & Fritsch, 2000; Maranan et al., 2018), condi-
tions that favour sustained westward propagation of organ-
ised convection. In contrast, June and July exhibit weaker
and more spatially confined sensitivity patterns, reflect-
ing the transitional structure of early-monsoon convection
and reduced mesoscale organisation (Mathon et al., 2002).
In these earlier monsoon stages, a core to the northeast
indicates locally enhanced moisture and favourable back-
ground conditions, increasing the likelihood of subsequent
development near Dakar. September displays renewed
sensitivity to the south and east, but also positive sensitiv-
ity over Dakar itself, indicating reduced local suppression
compared with earlier months as large-scale monsoon cir-
culation begins to weaken.

These proposed mechanisms should be regarded as
physically motivated hypotheses rather than definitive
dynamical attribution. A more formal conceptual frame-
work for interpreting the conditional probability fields is
presented in Section 5.1.

These counterfactual sensitivity experiments provide a
spatial interpretation of the feature-importance hierarchy

identified earlier. Strong localisation at short lead times
aligns with the dominance of proximity-based informa-
tion, whereas the inland expansion of sensitivity at longer
horizons reflects increasing modulation by environmental
state and convective organisation. The patterns represent
conditional sensitivities learned by the model rather than
explicit dynamical causation; however, their consistency
with established convective dynamics suggests that the
model has learned physically meaningful spatial relation-
ships. This type of controlled spatial perturbation analy-
sis is a direct advantage of the object-based formulation,
allowing individual convective cores to be perturbed and
interpreted explicitly—an approach substantially more
difficult with purely image-based nowcasting models.

4.1.4 | Single-location training and spatial
transferability

To evaluate spatial transferability, we trained
single-time-step MLP models using data from one location
and evaluated them both locally and at other locations
without retraining. The model architecture, preprocessing,
optimisation settings, and lead-time-specific hyperpa-
rameters are identical to those of the best-performing
MLP configuration described in Section 3.1. No structural
modifications are introduced for this experiment.

To enable cross-location application, only the coordi-
nate representation is altered: the latitude and longitude
of each convective core are expressed as offsets relative to
the target location, i.e. Alaty = laty — latg, and Alony =
lony, — longe for each core index k. All other features,
including distance, size, wavelet power, and timestamp
components at ty, remain unchanged. Core attributes for
all sites are extracted using the same satellite observa-
tions and detection procedure. Apart from the training
location itself, the modelling pipeline is identical across
experiments. This design isolates whether the model cap-
tures transferable atmospheric relationships rather than
memorising site-specific feature distributions.

Figure 9 shows strong cross-location generalisation at
short lead times. At one hour, all models achieve AUC val-
ues exceeding 0.92 regardless of training location, indicat-
ing only minor transfer penalties. This indicates that the
relative-coordinate formulation captures broadly transfer-
able aspects of short-range convective behaviour. At three
hours, discrimination decreases and transfer becomes
more challenging, but models trained on Bamako and
Selibaby retain useful performance when applied to other
sites (AUC > 0.71). In contrast, the model trained on
Dakar exhibits the largest degradation when evaluated
inland, suggesting that coastal-inland differences in con-
vective organisation and background forcing may reduce
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FIGURE 9 Training City

Cross-location generalisation W Bamako W Dakar W Selibaby

of the single-time-step MLP
model at (a) 1-h and (b) 3-h
lead times. Bars show AUC
when training on one city 0.8
(colour) and testing on another.
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portability at longer horizons. These results indicate that
the object-based representation encodes predictive infor-
mation that generalises across locations at short lead
times, while regional dependences become increasingly
influential as forecast lead time increases.

4.2 |
Sahel

Evaluating NCAST for the western

The following analyses evaluate NCAST over the inde-
pendent 2020-2024 test period using all available scenes
during the June-September monsoon season. For com-
parisons involving NFLICS, the ground-truth and persis-
tence fields are evaluated using a neighbourhood-based
definition of convective occurrence with neighbourhood

Tested on Dakar

(b)

Tested on Selibaby

size L = 75 km, consistent with the operational implemen-
tation of the conditional-climatology benchmark.

42.1 | Ensemble performance

To assess the effect of random initialisation and ensemble
averaging, the performance of the five individual mem-
bers was compared with that of the ensemble forecast.
Figure 10 shows that variability between ensemble mem-
bers remains small, although the spread increases slightly
at the six-hour lead time. The ensemble forecast consis-
tently improves AUC relative to each individual member,
indicating enhanced discrimination and reduced sensi-
tivity to random initialisation. Improvements in FSS are
generally smaller and less consistent across lead times.
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FIGURE 10 Performance of the five-member NCAST ensemble at lead times of 1, 3, and 6 h. Boxplots show the distribution of scores
across the five independently trained ensemble members, while the line shows the ensemble forecast obtained by pixelwise averaging of
member probabilities prior to evaluation. Ensemble averaging consistently improves AUC, while FSS remains comparable with the
distribution of individual members. (a) Area under the receiver operating characteristic curve (AUC). (b) Fractions skill score (FSS) evaluated
at a spatial scale of 150 km.
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FIGURE 11 Pixelwise evaluation of NCAST over the western Sahel. Forecast lead times of 1, 3, and 6 h are shown in green, blue, and
red, respectively. (a) ROC curves for NCAST (solid) and NFLICS (dotted). (b) ROCSS relative to persistence (dashed) and the operational
NFLICS conditional climatology (dotted), stratified by 6-h bins of nowcast origin.

The ensemble forecast is therefore used for all subsequent curves for one-, three-, and six-hour forecasts, with AUC
evaluations. values of 0.96, 0.91, and 0.89, respectively. Correspond-
ing NFLICS AUC values are approximately 0.82, 0.80, and
0.78, indicating substantially weaker discrimination at all
4.2.2 | Nowcast skill relative to benchmarks lead times. Although discrimination decreases gradually
with forecast horizon for both models, NCAST maintains
Figure 11 summarises the pixelwise discrimination skillof ~ substantially stronger separation between convective and
NCAST over the western Sahel. Figure 11a presents ROC  non-convective pixels out to six hours.
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Figure 11b shows the ROC-based skill score (ROCSS)
of NCAST relative to two reference forecasts: persis-
tence and the operational NFLICS conditional climatol-
ogy, computed in six-hour bins of nowcast origin. ROCSS
is defined as

AI-]Cref

ROCSS=1— ————,
AUCcast

so larger values correspond to greater added discrim-
ination skill from NCAST, while smaller values occur
when the reference forecast already achieves compar-
atively high discrimination. This formulation measures
fractional improvement in AUC relative to the reference
forecast.

ROCSS is positive for all lead times and all time-of-day
windows, indicating consistent added discrimination rel-
ative to both persistence and NFLICS throughout the
diurnal cycle. The largest gains relative to persistence
occur at 3-6 hours, reflecting the rapid degradation of
short-term persistence at these horizons, whereas NCAST
maintains comparatively strong separation skill. At the
one-hour lead time, gains relative to persistence are
most pronounced during 1200-1700 UTC, when rapid
afternoon convective development reduces persistence
performance. Relative to NFLICS, added skill is smaller in
magnitude but remains positive across all lead times. Diur-
nal variation in ROCSS is modest, with slight reductions
during 1200-1700 UTC when the location-conditioned cli-
matology performs relatively well. Outside this window,
improvements are slightly larger but broadly consistent
across time-of-day bins.

Spatial forecast quality is assessed using the FSS,
evaluated across neighbourhood scales ranging from
approximately 10 km (3 x 3 MSG grid cells) to 250 km (81
X 81 MSG grid cells) and forecast lead times. Scores are

Persistence

3
Lead time (h)

Royal Meteorological Society

NFLICS

3
Lead time (h)

Fractions skill score for NCAST, persistence, and NFLICS as a function of spatial scale and lead time.

averaged over all verification instances and are shown in
Figure 12.

NCAST maintains useful spatial skill across a wide
range of neighbourhood scales and forecast lead times
(Figure 12). FSS increases with neighbourhood scale for
all lead times, approaching 0.5 at scales of approximately
80km and larger for the one-hour forecast. These scales
are representative of mesoscale and organised convec-
tive systems. Although FSS decreases with lead time, the
reduction is gradual, indicating that NCAST preserves
coherent spatial organisation of convective systems at
longer lead times.

Persistence exhibits relatively high FSS at the one-hour
lead time, particularly at larger neighbourhood scales,
reflecting strong short-range spatial overlap between fore-
cast and observed convective cores. However, FSS declines
rapidly with lead time, indicating limited ability to main-
tain spatial correspondence beyond the immediate fore-
cast range. NFLICS exhibits comparatively stable but
lower FSS values, with weak sensitivity to both lead
time and spatial scale, consistent with its climatological,
location-conditioned formulation.

To assess probabilistic forecast skill across the domain,
Figure 13 shows the pixelwise Brier skill score (BSS) of
NCAST relative to NFLICS, stratified by forecast lead time
and by six-hour bins of the nowcast origin time .

At the one-hour lead time, positive BSS values are
widespread across the convectively active belt of the
western Sahel, with particularly strong gains along the
west coast. At three hours, positive BSS remains concen-
trated within the primary organised-convection corridor,
while by six hours it becomes more spatially confined,
consistent with increasing forecast uncertainty at longer
horizons. Coherent regions of positive BSS nevertheless
persist within the organised convective belt at all lead
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Spatial distribution of the pixelwise Brier skill score (BSS) of NCAST relative to NFLICS over the western Sahel, shown

for lead times of 1, 3, and 6 h and averaged by 6-h bins of the nowcast origin (UTC). Rows correspond to forecast lead times and columns to
6-h bins of the nowcast origin. Warm colours indicate positive BSS (added skill of NCAST relative to NFLICS), cool colours indicate negative

BSS, and white corresponds to near-zero skill difference.

times (Laing & Fritsch, 1993; Mathon et al., 2002; Parker
etal., 2005).

Lower or locally negative BSS values occur more fre-
quently north of approximately 16°N, where deep con-
vection is comparatively infrequent (Nicholson, 2009). In
these low base-rate environments, small forecast errors
and false alarms reduce apparent skill more readily relative
to the conditional-climatology reference. This indicates
that performance degradation is regime-dependent rather
than spatially uniform across the domain.

Across all lead times, NCAST exhibits particularly
strong positive BSS for forecasts verifying during the
1200-1700 UTC window, corresponding to the peak phase
of convective development. Because the analysis is strat-
ified by t, this regime corresponds to initialisation
times of 1100-1600 UTC (1 h), 0900-1400 UTC (3 h), and
0600-1100 UTC (6h). NCAST therefore retains added
probabilistic skill relative to NFLICS when forecasts verify
during the most dynamically active phase of the diurnal
cycle.

4.2.3 | Example NCAST forecast
Figure 14 presents an example NCAST forecast for a
multi-core convective system over the western Sahel.

The top row displays observed cores at t, —2 h, tH —
1h, and t,. For clarity, only hourly frames are shown,
although the model ingests core tokens at 30-minute
resolution. The sequence highlights westward propaga-
tion and increasing spatial organisation prior to forecast
initialisation.

The bottom row shows the corresponding forecasts at
to+ 1h, to +3h, and ty + 6 h. At the one-hour lead time,
high probabilities remain concentrated near the observed
convective cores. By three hours, the forecast becomes
more spatially extensive, while retaining the dominant
organisation of the convective system. At six hours, the
forecast becomes increasingly diffuse, reflecting greater
uncertainty in the location and structure of the convection.

Exact pixel-level reproduction of individual cores is
not expected, due to the object-based representation
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FIGURE 14
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Example NCAST forecast for a multi-core convective system over the western Sahel, initialised at ¢, = September 27, 2024,

1700 UTC. Top row: observed convective cores (filled red) at ty — 2 h, t, — 1 h, and ¢,. Bottom row: probabilistic forecasts valid at verification
times £, + 1 h, £, + 3 h, and ¢, + 6 h. Observed convective cores at the corresponding verification times are shown as unfilled red outlines.

and probabilistic formulation. Nevertheless, the forecast
retains coherent mesoscale structure and captures the
dominant propagation and organisation of the convec-
tive system across the 1-6 h forecast range. This example
illustrates how NCAST translates object-based core infor-
mation into spatially distributed probabilistic forecasts of
convective evolution.

4.2.4 | NCAST ablation study
Figure 15 summarises the impact of key architectural com-
ponents on forecast skill. Removing self-attention results
in the largest degradation in AUC and one of the largest
degradations in FSS across all lead times, demonstrating
that modelling interactions between convective cores is
important for accurate nowcasting. The reduction is par-
ticularly pronounced at t, + 1 h, where the AUC decreases
from approximately 0.95 to 0.93 and the FSS decreases
from approximately 0.58 to 0.48.

The contribution of temporal features increases
with lead time. At the one-hour lead time, removing

the temporal encodings has only a small impact
on performance, whereas at the six-hour lead time
the AUC decreases from approximately 0.86 to
0.81. This suggests that seasonal and diurnal infor-
mation becomes increasingly important as the
influence of the current convective-core configuration
weakens.

The comparison of temporal input configurations
shows that the model remains skilful when only the
current observation X, is provided. Adding one pre-
vious time step {X; ,X;} yields a small improve-
ment in both AUC and FSS, particularly at one- and
three-hour lead times. Incorporating an additional time
step {X; . X, , X, } produces little further benefit and, in
some cases, reduces performance slightly. The differences
between the reduced-history configurations and the full
NCAST model are generally modest, suggesting that much
of the predictive information is contained within the most
recent convective-core configuration. The limited gains
from longer temporal histories may reflect the use of aver-
age temporal pooling and the absence of explicit temporal
positional encodings.
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FIGURE 15

Ablation study of NCAST at forecast lead times of 1, 3, and 6 h. The top row shows the area under the receiver operating

characteristic curve (AUC) and the bottom row shows the fractions skill score (FSS) evaluated at a spatial scale of 150 km. The full model is
compared with variants without self-attention, without temporal features, and with reduced temporal input histories. Removing
self-attention produces the largest reduction in both discrimination and spatial skill, highlighting the importance of modelling interactions

between convective cores. Temporal features become increasingly important at longer lead times. In contrast, extending the temporal input

history beyond one previous observation yields only modest additional improvements with the current architecture.

5 | DISCUSSION

5.1 | Interpretation of the conditional
probability maps

The patterns shown in Figure 7 exhibit coherent spatial
structure that aligns with known aspects of West African
convective behaviour. These structures illustrate how a
data-driven conditional climatology can encode physically
interpretable dynamics. To interpret these patterns, con-
sider the conditional probability field,

P(s, ti]so, to),

which denotes the probability of a convective core at loca-
tion s and time ¢, given that the closest prior core at time
to was located at sg. In this framework, Figure 7 displays
P.(s, t1]80, tp) as a function of the prior-core location s,
with (s, t1, tp) fixed.

In an idealised isotropic environment, for example in
the absence of ambient wind, one expects radial symmetry
such that

P. = F(r, At),

where r=|s—sg|| and At=t —t. Under this
assumption, the conditional probability depends only on
separation distance, and the geometry is symmetric in s
and sy. The resulting structure consists of concentric level
sets in prior-core space, as illustrated schematically in
Figure 16a. Physically, a localised convective event may
generate cold pools and gravity waves that spread radi-
ally, potentially triggering convection at remote locations
while suppressing it nearby. A simple representation of
such behaviour is an expanding ring,
< (r —c Ab)? >
P.=Pyexp| ———— |,

202

where c denotes a characteristic propagation speed and o
controls radial spread. The evolution in Figure 7 is qualita-
tively consistent with this behaviour: strongly localised at
short lead times and expanding outward as At increases.
Beyond radial structure, Figure 7 also reveals a linear
region of reduced conditional probability that shifts sys-
tematically with At. Observational and modelling studies
document organised convective structures and associated
wave-like disturbances in West Africa, often linked to the
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probability field P.(s, t; ]Sy, o). (2) In an isotropic environment, the

Schematic interpretation of the conditional

conditional probability depends only on radial distance r = ||s — s||
and is maximised along an expanding ring centred on the prior
core. (b) With propagation in direction c, anisotropy arises: the
conditional probability is structured by the projection (s — sp) - n,
producing linear level sets in prior-core space.

African Easterly Jet and mesoscale organisation (Birch
et al., 2013; Parker et al., 2005). A simplified anisotropic
representation is

P.=G[(sp+cAt—s)-n] =G [c At—(s—sp) - n],

where c is a propagation vector and n a unit vector
normal to the disturbance. In this case, level sets of P,
are approximately linear in prior-core space, as illus-
trated in Figure 16b, reflecting directional propagation
and anisotropy introduced by environmental flow. The
displacement of these features between successive lead
times is qualitatively consistent with propagation speeds
reported for mesoscale disturbances in the region.

Although the sensitivity experiments employ a syn-
thetic three-core cluster to represent a compact organised
system, the interpretation here treats sy as the centroid
of that cluster. This simplification allows the conditional
probability structure to be analysed in terms of an effective
prior-core location without altering the spatial character-
istics of the patterns discussed.

The observed conditional probability fields can be
interpreted as the superposition of an expanding con-
centric structure and a propagating anisotropic distur-
bance. Both mechanisms are well documented in studies
of West African convection. Their emergence here from
a purely data-driven conditional framework suggests that
the resulting probability fields encode physically mean-
ingful organisation and propagation characteristics rather
than arbitrary statistical artefacts. This interpretation is
offered as a physically grounded heuristic rather than
a dynamical derivation, but the consistency between

Royal Meteorological Society

learned structure and established convective behaviour
supports the physical plausibility of the framework.

5.2 | Computational requirements,
operationalisation, and limitations

The computational cost of the framework is domi-
nated by the convective-core identification stage. In
the operational nowcasting system, the wavelet-based
core-detection algorithm requires approximately 80s to
process a full MSG disk, including ancillary process-
ing tasks such as handling additional satellite fields and
data archiving. The operational configuration uses six
wavelet scales rather than the 45 scales employed by
Klein et al. (2018) for scale-sensitivity analyses, reducing
computational cost substantially. Including image acqui-
sition and processing overheads, end-to-end core detec-
tion is typically completed within two minutes of image
availability.

The single-location formulation is computationally
lightweight and well suited to short forecast lead times.
Both training and inference can be performed on stan-
dard consumer-grade hardware without a GPU, with train-
ing completing in minutes on a typical CPU. Owing to
its low computational burden and compact object-based
input representation, the approach has also been deployed
as an educational nowcasting challenge at IndabaX
Deep Learning Madagascar 2024 (IndabaX Madagas-
car, 2024), illustrating its accessibility for capacity building
in resource-constrained environments.

The domain-wide NCAST model remains computa-
tionally tractable at regional to continental scales. With
approximately nine million parameters, training can be
performed efficiently on a single modern (A100) GPU,
while inference, including deep-ensemble configurations,
can be executed on standard CPU hardware. Impor-
tantly, inference cost scales primarily with the number of
detected convective cores rather than with domain size or
image resolution. This makes NCAST substantially more
efficient than fully image-based deep-learning approaches
when applied over large regions such as the western Sahel
or pan-African domains.

The efficiency advantage is particularly evident when
compared with image-based transformer architectures
such as vision transformers (ViTs). In the present configu-
ration, NCAST processes at most approximately 250 object
tokens per sample, whereas a ViT operating on five (512
X 512) images with a (16 X 16) patch size would process
approximately 5120 tokens in a representative configu-
ration. This leads to substantially higher computational
and memory costs for image-based approaches. Moreover,
pixel-based architectures must learn convective features
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directly from raw fields, typically requiring larger training
datasets and longer optimisation schedules.

The framework has been extended to a pan-African
configuration (Pan-African NCAST; PANCAST) and is cur-
rently deployed through the UKCEH nowcasting portal
(UK Centre for Ecology and Hydrology, 2024). The com-
plete pipeline, including core detection, feature extraction,
preprocessing, and inference for all lead times up to 2h,
is typically completed within approximately five minutes
of receiving the satellite observations. PANCAST has also
been evaluated within operational forecasting environ-
ments, including the EW4Energy testbed (Department for
Science, Innovation and Technology, 2025; FASTA, 2026).

The principal limitation of the object-based formu-
lation is its reliance on the convective-core detection
algorithm used to define the input representation. In the
present study, cores are identified using cold cloud-top
temperature thresholds and wavelet filtering; conse-
quently, warm-rain and shallow convective systems are
not targeted explicitly. The model is applied only in situa-
tions where at least one convective core is detected within
the input time window and is therefore designed to fore-
cast the subsequent evolution and organisation of exist-
ing convection rather than isolated first initiation events.
Convective initiation triggered by interactions between
existing convective cores may still be captured indirectly.
However, mesoscale boundaries and environmental con-
trols such as wind shear, moisture, and surface conditions
are not included explicitly as predictors and can influ-
ence the forecast only through their effects on the detected
convective-core population up to the nowcast origin time.

Only marginal differences were observed between the
temporal-history configurations. This may indicate that
much of the predictive information is already contained
in the current convective-core configuration. However,
it may also reflect architectural choices within NCAST.
Convective cores from different observation times are pro-
cessed jointly as a common set of tokens, and temporal
information is aggregated through pooling rather than
being represented as an explicit ordered sequence. Conse-
quently, additional historical cores may not be exploited
fully within the current architecture.

In addition, mapping the pooled latent object-based
representation produced by the self-attention mechanism
onto a spatial grid introduces an explicit object-to-field
projection step that purely image-based models do not
require. While this projection is necessary to generate grid-
ded probabilistic outputs, alternative formulations oper-
ating directly on object-to-object interactions, such as
graph-based representations, may provide a more natural
treatment of organised convective systems and their evo-
lution. A promising direction for future work would be to
represent tracked convective structures as explicit objects,

allowing their growth, propagation, merging, and decay
to be modelled directly through time rather than inferred
from a pooled set of convective-core observations.

Despite these limitations, the results demonstrate that
core-level information alone contains substantial pre-
dictive skill for short-range convective nowcasting. The
object-based design remains data-efficient, computation-
ally scalable, and operationally deployable, making it par-
ticularly well suited to real-time applications over large
domains and in operational environments where compu-
tational efficiency is important.

6 | CONCLUSIONS

This study has developed and evaluated an object-based
deep-learning framework for probabilistic nowcasting of
convective cores using compact descriptors derived from
geostationary satellite observations.

At a single location, core-level attributes—particularly
proximity, size, and intensity—are shown to contain suf-
ficient information to support skilful probabilistic fore-
casts up to six hours ahead, outperforming an opera-
tional conditional-climatology benchmark. Explainability
analyses and controlled spatial-transfer experiments indi-
cate that the learned relationships are physically coher-
ent: short-range skill is governed primarily by proxim-
ity and persistence, whereas longer lead times increas-
ingly reflect modulation by the broader diurnal and
seasonal environment associated with the West African
monsoon.

When extended to the western Sahel, the NCAST
framework represents convective-core populations using
a spatio-temporal transformer architecture and produces
coherent gridded probabilistic forecasts. Across indepen-
dent multi-year evaluation, the model maintains strong
discrimination and positive probabilistic skill relative to
both persistence and conditional climatology, while also
demonstrating meaningful spatial skill at neighbourhood
scales relevant to organised convection. Ablation exper-
iments demonstrate further that self-attention provides
the largest contribution to forecast skill, highlighting the
importance of representing interactions among convective
cores. Temporal features also become increasingly impor-
tant at longer lead times.

More broadly, the findings suggest that skilful
convective-core nowcasts can be derived directly from
the evolving population of convective cores, even in
data-sparse environments. This provides a foundation
for future nowcasting systems that integrate object-based
representations with additional environmental and
Earth-observation information to improve forecast skill
further.
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APPENDIX A. CORE COUNT DISTRIBUTION
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FIGURE Al Distribution of detected convective core counts at 15-minute intervals during 2004-2024, conditioned on the presence of

at least one core. Panel (a) shows the 12° x 12° Dakar context domain, and panel (b) the western Sahel (WS) domain. The dashed lines indicate
(a) the mean and (b) the 99.99th percentile, respectively. Figure A1 shows the distribution of detected convective-core counts in the Dakar and
western Sahel domains, while Figure A2 shows the class distribution across the training, validation, and test sets for the Dakar application.
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FIGURE A2 Class
distribution across the training,
validation, and test sets for the 1-h
lead time in Dakar. Bars show the
number of samples with

(4,410 = 1) and without (v, 41n = 0)
convective-core occurrence. The
pronounced class imbalance
highlights the difficulty of standard
binary classification metrics.
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APPENDIX B. HYPERPARAMETER CONFIGURATIONS FOR SINGLE-LOCATION MODELS

The best hyperparameter configurations for the single-location benchmark machine-learning models are shown in
Table BI.

TABLE Bl  Best hyperparameter configurations for the single-location benchmark machine-learning models at forecast lead times
of 1, 3, and 6 h, selected using validation AUC. LR denotes logistic regression, SVM support-vector machine, RF random forest, and
XGBoost extreme gradient boosting. For LR and SVM, C denotes the inverse regularisation strength. For XGBoost, n denotes the number of
trees, depth the maximum tree depth, Ir the learning rate, subsample the fraction of training samples used for each tree, and colsample the
fraction of features used for each tree. For RF, n denotes the number of trees, depth the maximum tree depth, and min leaf the minimum
number of samples required in a leaf node. The setting class weight=balanced applies class weights inversely proportional to class
frequencies in the training data.

Model Lead time Best configuration
LR 1h C=0.01
3h C =0.01, class weight=balanced
6h C = 0.01, class weight=balanced
SVM 1h C = 100, class weight=balanced
3h C = 100, class weight=balanced
6h C=01
XGBoost 1h n = 500, depth=>5, 1r=0.01, subsample=1.0, colsample=1.0
3h n = 100, depth=5, Ir=0.05, subsample=0.8, colsample=0.8
6h n = 100, depth=7, Ir=0.01, subsample=1.0, colsample=0.8
RF 1h n = 100, depth=None, min leaf=2
3h n = 100, depth=8, min leaf=2
6 h n = 500, depth=12, min leaf=1, class weight=balanced
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