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Abstract
Flash flooding from intense rainfall frequently results in major damage and loss
of life across Africa. In the Sahel, automatic prediction and warning systems for
these events, driven by Mesoscale Convective Systems (MCSs), are limited, and
Numerical Weather Prediction (NWP) forecasts continue to have little skill. The
ground observation network is also sparse, and very few operational meteoro-
logical radars exist to facilitate conventional nowcasting approaches. Focusing
on the western Sahel, we present a novel approach for producing probabilistic
nowcasts of convective activity out to six hours ahead, using the current location
of observed convection. Convective parts of the MCS, associated with extreme
and heavy precipitation, are identified from 16 years of Meteosat Second Gen-
eration thermal–infrared cloud-top temperature data, and an offline database
of location-conditioned probabilities calculated. From this database, real-time
nowcasts can be quickly produced with minimal calculation. The nowcasts
give the probability of convection occurring within a square neighbourhood
surrounding each grid point, accounting for the inherent unpredictability of
convection at small scales. Compared to a climatological reference, formal ver-
ification approaches show the nowcasts to be skilful at predicting convective
activity over the study region, for all times of day and out to the six-hour lead
time considered. The nowcasts are also skilful at capturing extreme 24-hour
rain gauge accumulations over Dakar, Senegal. The nowcast skill peaks in the
afternoon, with a minimum in the evening. We find that the optimum neigh-
bourhood size varies with lead time, from 10 km at the nowcast origin to around
100 km at a six-hour lead time. This simple and skilful nowcasting method
could be highly valuable for operational warnings across West Africa and other
regions with long-lived thunderstorms, and help to reduce the impacts from
heavy rainfall and flooding.
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1 INTRODUCTION

Flash flooding from heavy rainfall is a cause of major dam-
age and loss of life in Africa (e.g., Engel et al., 2017). Roca
and Fiolleau (2020) show that across the tropics, long-lived
mesoscale convective systems (MCSs) are closely associ-
ated with extreme precipitation events. Over the Sahel,
these systems account for around 90% of the total sea-
sonal rainfall (Mathon et al., 2002; Nesbitt et al., 2006),
with convective rainfall accounting for around two thirds
of the total rainfall for mature Sahelian MCSs. There is
a pressing need to improve prediction of these events as
the frequency and intensity of extreme rainfall over the
Sahel is increasing (Panthou et al., 2018) and contributing
to an increase in the socio-economic impacts of African
floods over recent decades (e.g., Di Baldassarre et al., 2010;
Tramblay et al., 2020). Furthermore, the annual num-
ber of intense Sahelian MCSs has tripled since 1982 and
this upward trend is expected to continue under climate
change (Taylor et al., 2017).

Over sub-Saharan Africa, Numerical Weather Pre-
diction (NWP) forecasts have little skill (e.g., Vogel
et al., 2018), both due to the convective processes
that operate (Keat et al., 2019; Reinares Martínez &
Chaboureau, 2018), and the difficulty in capturing the
current meteorological state with a sparse observation
network (Kniffka et al., 2020). Currently, there are also
very few operational radars over most of Africa, includ-
ing West Africa (e.g., Roberts et al., 2021), from which
to estimate and predict precipitation. In contrast, geo-
stationary satellite data provide a valuable source of
high-frequency, high-resolution radiation observations of
the earth and its atmosphere. Futyan and Del Genio (2007)
explain that cloud-derived variables from these satellite
observations do not provide a direct skilful proxy for con-
vective rain. However, recent studies (Klein et al., 2018;
Klein & Taylor, 2020) have developed 2-D wavelet meth-
ods for identifying convective cores within MCSs from
thermal–infrared imagery, highlighting cloud areas with
strong association with heavy and extreme precipitation.

Very-short-range weather forecasting of the next few
hours ahead based on recent observations, known as ‘now-
casting’ (e.g., Browning, 1982) is not currently widely used
in Africa (Roberts et al., 2021), but has huge potential to
improve short-lead-time warnings of extreme high-impact
precipitation. Given the lack of operationally available
weather radars in the region, recent studies have focused
on near real-time (NRT) nowcasting approaches based
on geostationary satellites (Burton et al., 2022; Roberts
et al., 2021). Hill et al. (2020) demonstrate useful fore-
cast skill out to 90 minutes for extrapolated convective
rainfall rate (CRR), and rapidly developing thunder-
storm convection warning (RDT-CW) products, which

give information on potential storm direction and current
state of development based on atmospheric motion vec-
tors and storm object tracking (cf. ZAMG, 2017). Both
products are provided by the European Organisation for
the Exploitation of Meteorological Satellites (EUMET-
SAT, 2022a, 2022b) Nowcasting Satellite Applications
Facility (NWCSAF, 2022). Separately, Burton et al. (2022)
apply a simple optical flow method based on pysteps
(Pulkkinen et al., 2019) to advect CRR images forward in
time, and show that the extrapolated CRR has skill for
2 hours at 10-km scales and 4 hours at 200-km scales. All
described methods use recent observations to deterministi-
cally extrapolate the future tracks of identified convection
but do not allow for storm initiation, and decay. How-
ever, the longevity and strong diurnal cycle of MCSs in
the Sahel (e.g., Maranan et al., 2018), suggests potential
for a probabilistic nowcasting approach based on clima-
tological information from long satellite records that can
complement existing object-based extrapolation methods.

Due to the unpredictability of small-scale convec-
tive processes and features (≲10–30 km2) (Hohenegger &
Schär, 2007; Melhauser & Zhang, 2012; Prein et al., 2021),
a coarser spatial scale must be used to calculate useful and
meaningful probabilistic forecasts of convective activity.
Neighbourhood approaches (e.g., Schwartz & Sobash, 2017
and references therein) provide a method of generating
probabilistic forecasts at scales larger than the grid scale
of the NWP model for both deterministic and ensemble
forecasts. The use of neighbourhood methods for forecast
verification is also increasingly common (e.g., Ebert, 2008;
Gilleland et al., 2009), particularly for small-scale fields
where traditional grid point verification results in the ‘dou-
ble penalty’ problem — that is when forecasts with slightly
different precipitation locations compared to observations
are penalised twice: once for being a missed event, and
again for being a false positive.

Here we present and assess a novel approach
co-developed with West African forecasters under the
Nowcasting FLood Impacts of Convective storms in the
Sahel (NFLICS) project (UKRI, 2022). The approach uses
the historical satellite record, constrained on the cur-
rent location of observed convective structures (Klein
et al., 2018; Klein & Taylor, 2020), to produce skilful prob-
abilistic nowcasts of convective activity out to six hours
ahead. A neighbourhood method is used, based on max-
imum probabilities of a convective structure occurring
within a particular area (e.g., Schwartz & Sobash, 2017)
and appropriate spatial scales are identified for opera-
tional NRT use based on analysing probabilistic convective
activity nowcast performance over a long period.

The underlying historical satellite data and precipita-
tion data, used for method development and verification,
are described in Section 2, along with a description of the
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ANDERSON et al. 599

domains considered and the method for convective struc-
ture identification. Next, the procedure for generating
NRT probabilistic convective activity nowcasts is given in
Section 3. Section 4 then presents a verification of these
nowcasts, in terms of both predicting convective activity,
and predicting surface rain gauge observations. Further
discussion of the nowcasting methods, possible real-time
implementation, and potential developments is given in
Section 5, with the key conclusions presented in Section 6.

2 OBSERVATION DATA AND
STUDY AREA

2.1 Meteosat second generation
thermal–infrared cloud-top temperature

We exploit the extensive Meteosat Second Generation
(MSG) thermal–infrared cloud-top temperature (CTT)
dataset, available at 15-min time intervals for the years
2004–2019 from the EUMETSAT Earth Observation Portal
data archive (EUMETSAT, 2022b). Here IR 10.8 (channel
9) ‘High Rate SEVIRI Level 1.5 Image Data – MSG – 0
degree’ data were used. This is a widely used channel
for identifying MCSs in Africa (Taylor et al., 2017) and
has long formed the basis of satellite rainfall estimation
based in infrared imagery (e.g., Maidment et al., 2014).
Over the MSG period we have data for 97.6% of the pos-
sible times without systematic data gaps, having first
filtered out images with obvious missing areas. Maid-
ment et al. (2014) analysed the multidecadal Meteosat
brightness temperature record and found no evidence of
systematic temperature biases over the MSG period, so we
have confidence in the use of this data.

The months June, July, August and September were
selected covering the wet season in the Sahel, for a domain
extending from around 20◦ W to 0◦ W and around 8◦ N to
20◦ N. This domain, shown in black in Figure 1 (left panel),
was selected to capture the development of storms that
reach Senegal, our country of focus. Over this domain, the
MSG CTT data has a grid spacing of approximately 3 km.
Three subdomains were considered for verification of the
probabilistic nowcasts (Section 4.2) as shown in Figure 1:
west of 12◦ W (W; red dotted), 12◦ W to 6◦ W (C; cyan
dotted) and 6◦ W to 0◦ W (E; white dotted).

Within the extensive cloud envelope of MCSs, only
certain regions are convectively active. It is these sub-
structures that are linked to extreme rain, and the risk
of sudden flash floods. Convective structures are identi-
fied from each MSG image (interpolated onto a 5-km grid)
using a 2D-wavelet-transform method based on that pre-
sented in Klein et al. (2018) and summarised briefly here
for ease of reference. First, areas of cold cloud (less than
−40◦C) are identified from the MSG image. A wavelet scale
decomposition is then applied to the cold-cloud field for a
range of scales (25–50 km) with a Marr wavelet transform.
The wavelet power values are summed over the differ-
ent scales considered, with convective structures identified
where the summed power values exceed a scale-dependent
threshold. In this work, the minimum power thresh-
old is defined as Σ(s+ f )0.5, where s corresponds to the
wavelet scale, and f represents an empirical variable that
homogenises core detection frequencies across different
datasets with f =−8 corresponding to the MSG period.
Summing over the square root ensures a stronger weight-
ing of small scales within the organised cold-cloud enve-
lope, which are associated with higher probabilities for
extreme rain than larger scales (Klein et al., 2018). Finally,

F I G U R E 1 The West African domain used in this study is shown (left, black dotted polygon) along with the three subdomains used for
verification: west of 12◦W (W, red dotted), 12◦W to 6◦W (C, cyan dotted) and 6◦W to 0◦W (E, white dotted). Contours show the topography of
the region, with the white 500-m contour highlighting the Guinea Highlands. Rain gauge locations over the Dakar region (left, yellow
polygon) are also shown (right). Automatic rain gauge locations are shown by a cyan triangle, manual rain gauge locations by a yellow square.
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600 ANDERSON et al.

convective structures with power maxima co-located with
cloud-top temperatures greater than −50◦C are discarded.
The wavelet scale decomposition is skilful in detecting
cloud-top temperature gradients associated with convec-
tive cores within cold-cloud shields, but is also sensitive
to gradients associated with cloud edges. Here, where we
only consider cold-cloud <−40◦C, power maxima associ-
ated with temperatures >−50◦C are close to cloud edges
(by definition) and are thus removed as likely artefacts. In
addition, cloud-top temperatures >−50◦C are unlikely to
be associated with high-intensity rainfall in the considered
region (Klein et al., 2018). The locations of power maxima
are retained as a single-point reference location for each
convective structure.

2.2 Rain gauge 24-hour accumulation
data

In partnership with Agence Nationale de l’Aviation Civile
et de la Météorologie, (ANACIM, the national meteoro-
logical agency of Senegal), 24-hour accumulation data for
16 rain gauges over the Dakar region covering the west-
ern peninsula of Senegal were available for independent
nowcast verification. The rain gauge locations are shown
in the right panel of Figure 1, covering the region high-
lighted in yellow in the left-hand panel. Six rain gauges
are automatic (cyan triangle), with 24-hour recording
periods from 0600 UTC, and data available post Septem-
ber 2017. Ten rain gauges are manual (yellow squares),
with 24-hour recording periods from 0800 UTC, and data
available in the period 2006–2013. The daily rain gauge
values are summarised in Figure 2.

3 METHODS

Our approach is to use a long-term conditional climatol-
ogy to map the probability of convective structures out to
six hours ahead given the location of currently observed
convective activity. Firstly (Section 3.1.1), climatological
probabilities of convective structures (P(C)) are calcu-
lated using data from all dates in the historical period H
(June to September, 2004 to 2019). This definition of P(C)
gives the largest possible historical sample for the wet
season in Senegal and represents a simple method from
which future studies can build. Times of day are consid-
ered separately to preserve the diurnal cycle. Secondly
(Section 3.1.2), we calculate climatological probabilities
of convective structures out to six hours ahead using data
from the historical period from a specific time of day but
conditioned on a convective structure being present with a
power-maxima location x0, P(Ct|x0). Finally (Section 3.2),
we present how the conditional climatological probabili-
ties of convective structures out to six hours ahead (from
Section 3.1.2) can be combined to form real-time nowcasts
out to six hours based on multiple convective structures
identified at the nowcast origin, P(Ct|X0).

3.1 Gridded convective structure
probabilities derived from historical data

3.1.1 Full climatological probabilities P(C)

The full climatological probabilities of convective activity
P(C) give a static overview of diurnal and spatial variations
in convective probability, and provide a baseline for

F I G U R E 2 Precipitation 24-hour accumulation values for the 16 Dakar rain gauges used for verification. Data from the 10 manual
rain gauges are shown from 2006 to 2013, with data from the six automatic rain gauges shown from 2017. Each rain gauge is shown by a
different colour–shape combination.
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ANDERSON et al. 601

assessing the effect of adding further conditions to the
probability calculations. To calculate P(C), convective
activity was first defined as having occurred at any grid
point in the domain (Figure 1) covered by any part of a con-
vective structure (identified using the method presented
in Section 2.1), creating binary grids Cb with values of one
where convective structures were present or zero other-
wise. Next the average was taken over Cb at each grid point,
for each time of day, to give the fraction of dates in H with
convective activity at each grid point, P(C).

Although P(C) can be calculated at the 5-km grid scale
(as defined above), it is important to consider the utility
of this information, given the exact location of convec-
tion is often uncertain and unpredictable at such high
spatial granularity. Although large-scale precipitation and
the overall characteristics may be predictable, the exact
location and features of fine-scale embedded convective
structures are less so. Spatially averaging or smoothing
these grid point probabilities is one option, but this results
in a reduction in their values. As the spatial averaging scale
increases, this can result in probabilities that are of little
meaning or value, and are not useful for warning purposes.

Therefore, instead of focusing on convection probabil-
ity for a given location at the dataset resolution of 5 km,
we use a neighbourhood maximum approach (Schwartz
& Sobash, 2017) to consider the probability for convection
occurring anywhere within a larger area surrounding that

location. Thus, we evaluate the probability of convection
occurring anywhere within a range of distances from each
grid point by applying a spatial maximum filter of different
filter lengths (Schwartz & Sobash, 2017) to Cb before calcu-
lating the probabilities for each grid point. Here a uniform
square filter of length L (measured in multiples of the 5-km
grid point resolution) is used, centred upon the grid point
in question. For example, a filter of L= 15 km contains
32 grid points: the central point where the filter is being
applied, and the eight grid points surrounding this central
point. We define the spatial scale L of the probabilities to
be equal to the filter size applied to the binary fields from
which the probabilities are calculated. Defined in this way,
L represents the minimum spatial distance over which
differences between grid point values can be resolved.

An appropriate spatial scale must be chosen over
which to calculate the probabilities, between the grid scale
where spatial uncertainties dominate the results and prob-
abilities are low but high spatial detail is preserved, and
the domain scale where spatial uncertainties are highly
reduced and probabilities increased, but all spatial detail is
lost. Here, a range of spatial scales from L= 15 to 155 km
were considered, and the appropriateness of each scale
defined by the skill of the final nowcasts at that scale
(Sections 4.2 and 4.3).

Figure 3 shows the full historical climatological prob-
ability of convective structures for L= 45, and 95 km

F I G U R E 3 Full historical
climatological probabilities of convective
structures P(C) during JJAS shown for four
example times of day (rows; 1500, 2100,
0300, and 0900 UTC) and two example
spatial scales (columns; 45 km and 95 km,
shown by the solid black square).
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602 ANDERSON et al.

F I G U R E 4 Schematic showing the method of calculating climatological probabilities conditional on convective structure location
P(Ct|x0): (1) Current storm in satellite data at time of day t0 (red), the power maxima location, x0 (red dot) and selected source area, S0 (solid
red box); (2) historical storms (blue) from the associated historical dates H0 that have their power maxima location (blue dot) in the same
source area at time of day t0; and (3) nowcast probability of convective activity, P(Ct|x0) (greyscale, darker shades indicate higher probabilities).

(columns), and four times of day (rows): afternoon (1500
UTC) when convection tends to initiate, evening (2100
UTC) where convective activity is often well developed,
overnight (0300 UTC) when convection is mostly decay-
ing, and in the morning (0900 UTC) where there is little
convective activity over land. As expected from the ‘maxi-
mum’ method of calculating neighbourhood probabilities,
the probability values increase with L. In this work, a range
of L are considered to determine the minimum neighbour-
hood size needed to give useful and meaningful probability
grids, while maintaining the maximum possible spatial
detail (Sections 4.2 and 4.3). Overall, we can see the effect
of elevated terrain causing higher probabilities over the
Guinea Highlands (around 15◦W, 12◦N, see Figure 1). The
morning peak in convection over the ocean can also be
seen. A clear north–south variation in convective activity
occurs, with the highest probabilities seen around 12◦N.
The wet season (JJAS) climatological probabilities for the
focus region of Dakar, and for most of Senegal, are very low,
below 10% even for the largest spatial scale (L= 95 km)
considered and during the evening peak of storm activity
(see 2100 UTC).

3.1.2 Climatological probabilities
conditional on convective structure location
P(Ct|x0)

In order to obtain probabilities for nowcasting, the current
convective state can give additional information along-
side that obtained from the full climatology P(C). Here we
investigate the utility of using climatological probabilities
of convective structures over the next six hours condi-
tioned on the (power maxima) location x0 of a current
convective structure, P(C|x0). For convection at x0, falling

within a particular source area S0, we calculate P(C|x0) as
follows. First, we consider the set of historical dates H0 (a
subset of the full historical period H), where convection
occurred at this time and in this source area (S0). Averag-
ing over these grids gives P(C0|x0), the conditional prob-
ability of convection occurring, at each grid point in the
domain, at time t0 (‘now’). Averaging over H0 at later times
of day gives P(Ci|x0), the conditional probability of convec-
tion occurring, at each grid point in the domain, at these
times. For clarity of expression, we have abbreviated the
lead time dependence notation, thus: Ci =C(ti). The steps
in calculating P(Ci|x0) are shown schematically in Figure 4
for a theoretical nowcasting example where an x0 has been
selected based on a real-time MSG CTT image. In the study
region where diurnal variability in convection is high (e.g.,
Futyan & Del Genio, 2007), these conditional climatologi-
cal probabilities, P(Ct|x0), implicitly provide predictability
over the next few hours. For example, a convective core
identified in the morning hours is far more likely to decay
in the next three hours than one in mid-afternoon. Simi-
larly, the strong meridional gradient in convection which
characterises the Sahel favours longer-lived convection in
the south compared to the north.

Given an MSG CTT image, the locations of con-
vective structures were identified using the methods of
Section 2.1, and each location was associated with a
particular S0. The neighbourhood approach described in
Section 3.1.1 was then applied to create Cb at different spa-
tial scales L for each identified historical date, both at t0
and for the following six hours (t1, t2, … , t6). For a given
source area S0, taking the average at each grid point over
the subset of grids that had a convective location x0 within
S0 at t0, gives the conditional probability grids appropri-
ate for the current time and the next six hours: P(C0|x0),
P(C1|x0), … P(C6|x0).
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ANDERSON et al. 603

F I G U R E 5 P(Ct|x0) for an example S0 at
t0 = 1500 UTC (top), t3 (1800 UTC, middle) and
t6 (2100 UTC, bottom) for example spatial scales
L= 45 km and 95 km (shown by the solid black
square in the top right of maps). S0 is shown by
the black dashed square (t0) and dash–dotted
squares (t3 and t6).

An important consideration is how to select the size
and location of the source areas S0 such that they are
sufficiently large to each select a meaningful sample of
historical dates H0, yet sufficiently small to be useful in
a forecasting context and to select only points originat-
ing from a single, distinct MCS. These considerations vary
with location, time of day, and the specifics of H0, so no
single precise S0 setup covers all of them. Here all available
MSG CTT data from 2004 to 2018 were used to calculate
the minimum S0 size needed to obtain a specified num-
ber of historical dates N for each grid point in the domain,
and for each hour in the day. Values of N between 40
and 100 were analysed as this was found to be a sufficient
sample to give spatially consistent probability values at a
useful granularity. From a visual analysis of all of these
results (not shown), and considering the historical distri-
bution and size of convective storms in the Sahel (Guy &
Rutledge, 2012; Klein et al., 2018; Maranan et al., 2018),
an appropriate source area was found to be 81× 81 native
MSG grid points (at this latitude around 250× 250 km;
62,500 km2). Further refinements to vary S0 by time of
day and geographic location were considered, but it was
decided that this level of complexity was not warranted at
this initial stage in the system development.

Figure 5 shows probabilities for lead times of zero,
three, and six hours (P(C0|x0), P(C3|x0) and P(C6|x0))
from a t0 of 1500 UTC, for x0 falling within an example
source area S0, and using spatial scales L= 45 and 95 km.
The highest probabilities are seen within S0, as every grid
contributing to probability has, by definition, a convec-
tive structure within S0. As the example L lengths are
smaller than the S0 length (250 km), these highest prob-
abilities never reach 100%. Similar to the results of P(C)
(Figure 3), higher probabilities are seen at larger scales

due to the maximum neighbourhood method applied. In
this example, the peak probabilities decrease with lead
time for all L due to the dispersion of convective struc-
tures away from S0, and the diurnal cycle of convective
activity. This trend is seen in general for other S0, and
times of day. However, there are instances where the prob-
abilities increase with increasing lead time, for example
where climatologically convective structures are strength-
ening and initiating. Figure 5 also highlights how higher
probabilities are not constrained to S0: although convec-
tive structures occurred by definition within S0, there is no
constraint on them also occurring (or not) at other points
in the domain. The maps of P(Ct|x0) reflect the climatolog-
ical progression and initiation/decay of convection in the
region, implicitly including fixed topographic effects and
the general east–west propagation. For example, consider
the Guinea Highlands (around 13◦ W, 12◦ N). As discussed
above (Figure 3), the orography in this region leads to high
levels of convection in the late afternoon, reflected here in
increased probabilities of convection around 1800 UTC in
P(C3|x0). As lead time increases, we see the peak probabil-
ity values translating westwards, the dominant direction of
storm propagation.

To enable P(Ct|x0) to be efficiently pre-calculated for
many different x0, a set of overlapping source areas S0 was
created. The central part S ′

0 of each S0 is unique, con-
structed of 41× 41 native MSG-grid grid points. Each S0
overlaps with those adjacent to it by 20 grid points, ensur-
ing that consistent conditional probabilities are obtained
for adjacent S0. An example S0 is shown by the red square
‘A’ in Figure 6. As the predominant movement of convec-
tive storms in the Sahel is westward, S0 are not consid-
ered over the Atlantic, however, to ensure that all costal
land-areas are covered, S0 are stretched south and west
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604 ANDERSON et al.

F I G U R E 6 Map showing the locations of the 112 unique S ′
0

(41× 41 native, ∼3× 3 km Meteosat Second Generation [MSG] grid
point). The full S0 extends for a further 20 grid points north, south,
east and west of the block-coloured square. The full (red dashed)
and central (red solid) parts of S0 are highlighted for three example
S0. Example A shows the setup for inland S0. In coastal examples B
and C, S ′

0 are stretched south and west to ensure that all costal
land-areas are covered.

along the coast (e.g., ‘B’ and ‘C’ in Figure 6). Note that
although a given convective structure location, x0, will fall
within multiple S0 areas, it will only fall within one S ′

0
which is then used to calculate P(Ct|x0).

3.2 Real-time nowcast conditional on
convective structure locations P(Ct|X0)

To create a real-time convective activity nowcast, a set
of S0 are selected from the most recent real-time MSG
CTT image. First, the convective structures and their loca-
tions (X0 = {x0

1, x0
2,… x0

n}) at t0 are identified using the
method presented in Section 2.1. Each convective feature
location x0

1, x0
2,… x0

n is then associated with a particu-
lar S0, using the unique central S ′

0 grid. Figure 7 shows an
example for the 26 August 2012 at 0000 UTC with convec-
tive structures identified from the MSG CTT grid (top left)
and the associated set of S0 (top centre).

Once the set of S0 appropriate to the real-time satel-
lite image have been identified, the associated probability
grids for each individual S0 are combined to give one
conditional probability grid for each lead time appropri-
ate to all the locations of convection identified within
the real-time image. The maximum probability is taken
at each grid point of the conditional probability grids
obtained for the set of individual S0 selected, such that
the real-time convective activity nowcast is given by
P(Ct|X0)=MAX[P(Ct|x0

1), P(Ct|x0
2),… , P(Ct|x0

n)]. The
maximum is preferred over other simple combination
strategies, because it ensures that each individual grid
point is only taking the probability from one S0. This is

necessary because one particular historical date can be
included in the set of associated historical dates H0 for
multiple S0. Data from each lead time are separately com-
bined. Although this approach will not be optimal for all
cases, it provides a simple basis from which more complex
combination methods can be developed.

The right-hand column of Figure 7 shows proba-
bilistic nowcast grids P(Ct|X0) for an example spatial
scale of L= 95 km (19× 19 grid points from the 5-km
constant-resolution grid used for convective structure
identification). To aid comparison, the convective struc-
tures identified from the MSG CTT at the evaluation time
for each forecast lead time are also shown (left column).
Note that, apart from at the nowcast origin time t0 (here
0000 UTC 26 August 2012) these observations would be
unavailable in a real-time forecasting context. At time t0,
the set of eight source area locations selected for this now-
cast (Figure 7, top middle) from the origin time MSG CTT
grid (Figure 7, top left) are clearly seen as square regions of
high probability in the t0 nowcast grid (Figure 7, top right).
This is because, by definition, all the H0 for a given S0 will
have at least one convective structure within the source
area at this time. Higher probabilities are seen towards the
centre of each S0, as the convective structures (irrespective
of L) are more likely to overlap (giving higher probabilities)
closer to the centre of the constraining area S0 (e.g., Dey
et al., 2016). As the nowcast lead time increases, the now-
cast probabilities decrease due to the convective regions
from the historical grids dispersing spatially away from
the selected S0, losing coherence, and convection initiating
and decaying.

4 VERIFICATION

Three types of verification were used to understand and
objectively evaluate the nowcast performance. First, Cb

extracted at Dakar rain gauge locations were verified
directly against the rain gauge data (Section 2.2) to assess
the ability of the convection detection method to cap-
ture observed precipitation values (Section 4.1). Next,
the probabilistic convective activity nowcasts, P(Ct|X0)
(Section 3.2), were verified against the observed convec-
tive structures, Cb, corresponding to the evaluation times
of the forecasts (Section 4.2). This provides an indication
as to the success of the forecasting methodology for obtain-
ing forward predictions, and can be applied at all locations
in the domain, for all historical years, with no further
data requirements. Verification is performed for different L
using the neighbourhood method described in Section 3.1
which is applied to both the forecasts and the observa-
tions Cb. Finally, P(Ct|X0) were verified against 24-hour
precipitation rain gauge accumulations from the Dakar
region of Senegal (Section 4.3). Although for a limited
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ANDERSON et al. 605

F I G U R E 7 Example convective structures (left) for 0000, 0200, 0400 and 0600 UTC on the 26 August 2012. The Meteosat Second
Generation cloud-top temperature (MSG CTT, ◦C) is shown (filled contours), along with the identified convective structures (cyan contours).
For a nowcast origin of 0000 UTC, the set of S0 selected are shown by pale blue squares with dotted red outlines (middle) for the convective
structures identified at this time (top-left). The central unique part of each S0 is shown by a solid red outline. The probabilistic nowcast grids
P(Ct|X0) are also shown (right), for an example L of 95 km (shown by the black square), at nowcast origin t0 (0000 UTC) and lead times two
hours (t2, 0200 UTC), four hours (t4, 0400 UTC) and six hours (t6, 0600 UTC).

geographical area, this verification against actual observed
precipitation values is crucial to assess the performance
of the probabilistic nowcasts for forecasting heavy and
extreme precipitation events.

Although the verification method applied here to
probabilistic nowcast grids is similar to the verification
method commonly applied to ensemble forecast proba-
bilities, an important difference is that here, there is no
ensemble. Hence it is not possible to calculate statistics
based on ensemble average measures (such as the root
mean square error, or ensemble mean), or based on indi-
vidual member behaviour (such as the continuous ranked
probability skill score or rank histogram). Here we assess
P(Ct|X0) using the reliability diagram, sharpness diagram,
and Brier skill score (BSS) (e.g., Wilks, 2011). The relia-
bility diagram plots probability of the observation given
the forecast (the observed relative frequency) against the

forecast probability. This allows the reliability, a measure
of whether the forecast probabilities are a true representa-
tion of reality, and resolution, an indication of how much
the forecast deviates from the reference, to be visually
assessed. Perfect reliability is seen along the diagonal of the
reliability diagram, whereas a forecast with no resolution
(where the observed relative frequency equals the sample
climatology) appears as a horizontal line. A sharpness
histogram shows the sample size (forecast relative
frequency) for each forecast probability bin. The BSS
assesses the skill of probabilistic forecasts, measuring the
proportional improvement in mean square probability
error as defined by the Brier score, BS (Brier, 1950) with
respect to a reference forecast BSref;

BSS = 1 − BS
BSref

. (1)
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606 ANDERSON et al.

At best, BSS takes a value of one and values less
than zero indicate the forecast performs worse than the
reference.

To assess the bias-corrected potential of P(Ct|X0), and
its ability to capture and predict convective events given
a particular probability threshold, we use the contingency
table, counting the number of hits, misses, false alarms and
correct rejections. This information is summarised by the
hit rate, the fraction of hits to total events observed and the
false alarm rate, the ratio of false alarms to total instances
when no event is observed. The relative operating charac-
teristic (ROC) diagram (e.g., Jolliffe and Stephenson, 2012)
plots paired values of hit rate and false alarm rate for a
given probability threshold to assess the potential skill of
probability forecasts, that is, the skill if probabilities were
well calibrated. The larger the area underneath each ROC
curve (AUC), the better the forecast skill in identifying
events while minimising false alarms. The ROC skill score
(ROCSS) used here is constructed by comparing the area
AUC to that produced from a reference forecast.

ROCSS = 1 − AUCref

AUC
. (2)

A ROCSS above zero indicates the forecast has a skill
better than the reference forecast.

For the calculation of the BSS and ROCSS, we use the
full climatological probabilities P(C) from Section 3.1 as
a reference. Thus, BSS and ROCSS values between above
0 show that the nowcasts P(Ct|X0) are skilful, that is,
outperforming the reference P(C), with larger values cor-
responding to higher skill. Negative values show that the
reference outperforms the nowcast; the nowcast is not skil-
ful. For the ROCSS, using P(C) as a reference leads to
results indistinguishable from those compared to a ran-
dom forecast (an AUCref of 0.5), meaning a perfect forecast
(an AUC of 1) would have a ROCSS value of 0.5.

4.1 Verification of convective structure
identification method for predicting
extreme precipitation

The overall method for convective structure identification
for extreme satellite-derived rainfall rates over the Sahel
has been previously investigated using instantaneous rain-
fall rates from spaceborne radar (Klein et al., 2018). How-
ever, this probabilistic relationship was established using
data across the Sahel and relying on spaceborne radar only,
which may exhibit systematic errors. A verification with
rain gauges represents a reverse analysis to directly test
the skill of our nowcast system to capture high-intensity
rain based on independent in-situ data in the study region.
Additionally, by verifying against 24-hour rain gauge data
over the Dakar region of Senegal (Figure 1, right) we

can evaluate the method’s predictive ability for instances
where rainfall totals are known to cause impact on the
ground. All available rain gauge data are considered, with a
rainfall threshold used to define binary time series of rain-
fall events equal to one if the threshold is exceeded, zero
otherwise. Three thresholds are selected based on local
forecasting experience. These correspond broadly to heavy
(30 mm), flood producing (60 mm) and extreme (90 mm)
24-hour precipitation totals over the Dakar region. To
ensure that the convective structure and observed pre-
cipitation data are as similar as possible, grid-scale con-
vective structure data are extracted at the rain gauge
locations: Cb (rain gauge). We consider a convective
structure to ‘cover’ a rain gauge if any part of the
convective structure covers the rain gauge grid point.
Secondly, as Cb are calculated every 15-minutes, it is
necessary to combine multiple Cb grids corresponding to
the 24-hour rain gauge accumulation period. Here we con-
sider a threshold on the number of times in the 24-hour
period where Cb (rain gauge) is required to equal one to
count as a convective event. Thresholds from 1 to 13 are
considered, that is, requiring the convective structure and
rain gauge i.e. to be coincident for between 15 and 180 min-
utes in a given 24 hour period. Note that these times do not
need to be consecutive as we want to capture the total daily
amount of precipitation due to convective activity.

The contingency table is used to compare the binary
time series of Cb (rain gauge) (the ‘forecasts’) with the
binary time series of rainfall events (the ‘observations’).
The four constituents of the contingency table – hit, miss,
false alarm, and correct rejection – are plotted in the
top row of Figure 8. These plots show the total number
of events falling into each contingency table quadrant
including data from all available rain gauge locations
and times. As expected for the high rainfall thresholds
selected, the number of observed events is much smaller
than the number of instances where no event occurs,
with the discrepancy increasing with the precipitation
threshold used. As the Cb 24-hour threshold increases,
the number of hits decrease and the number of misses
increase. This suggests that the heavy precipitation events
are frequently dominated by rapidly passing convective
structures that are only present over a small number of
15-min time slices at the subdaily scale. This is consistent
with the propagating nature of Sahelian MCSs, which
cause transient precipitation bursts during the passage of
their convectively active region.

To analyse further the performance of the convective
structure identification method, the second row of Figure 8
shows the hit rate and the false alarm rate. Overall, both
the hit and false alarm rates decrease as the Cb time thresh-
old increases. Thus, by requiring convective structures for
a greater fraction of the rain gauge accumulation period,
the chances of missing an event are increased, whilst the
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ANDERSON et al. 607

F I G U R E 8 Contingency table
constituents for the verification of Cb

against 24-hour rainfall accumulations
over Dakar for instances where an
observed event occurs (Hit and Miss,
top left) and does not occur (False
alarm, Correct rejection, top right).
Combined-measures Hit rate (bottom
left) and False alarm rate (bottom right)
are also shown. Results are shown for
three precipitation thresholds (30 mm
solid, 60 mm dotted, 90 mm dashed) as
a function of the 24-hour Cb threshold,
that is, the minimum number of images
with convective structures covering
each rain gauge in 24 hours needed to
count as a forecast event (x-axis,
identical for all subplots).

chance of a false alarm occurring are reduced. The hit rate
peaks around 0.6 for all rainfall thresholds, with a rainfall
event associated with an identified convective structure
60% of the time. Given the large number of instances where
no event is observed, the false alarm rates are much lower,
peaking around 0.125. These results provide an important
context in which to interpret the convective structure now-
casts in the context of extreme rainfall events. This will be
discussed further in Section 5.

4.2 Verification of forecasting method
for obtaining forward predictions

In this section, the nowcast probability grids P(Ct|X0)
(the ‘forecasts’) are verified against the binary convective
structure grids Cb at forecast evaluation time t (the ‘obser-
vations’). Nowcasts were initiated hourly from June to
September, for the 3 years from 2020 to 2022 with nowcast
grids created hourly out to six hours (t6). Each nowcast
was created using the full climatological data from 2004
to 2019.

Nowcasts from four time-of-day ranges were veri-
fied separately: afternoon (1200–1700 UTC), evening
(1800–2300 UTC), night (0000–0500 UTC) and morn-
ing (0600–1100 UTC), covering the main phases of the
Sahelian diurnal cycle. Nowcasts were grouped by nowcast
origin time t0. Another possible grouping by forecast

evaluation time leads to similar conclusions (Supplemen-
tary Figures S5 and S6 correspond to article Figures 9
and 10). To maintain spatial information on nowcast
performance, and based on the propagation of storms in
the Sahel from east to west, three longitude verification
domains were used: West of 12◦W (W), 12◦W to 6◦W (C),
and East of 6◦W (E), as shown in Figure 1. Data from
all 4 months in the wet season (1 June – 30 September)
are considered together, along with all land-based 5 km
grid points in the longitude strip, and all times within
the selected time window. For example, if a domain
consisted of 10 grid points, there would be around 1
million forecast-observation pairs contributing to the ver-
ification calculations in the verification period (10 grid
points× 122 days× 14 years× 6 hr). Nowcasts were evalu-
ated at spatial scales L ranging from 5 km (the grid scale
over which convective features are identified) to 155 km
(35 grid points).

We first consider the forecast reliability, that is, the
ability of the forecasts to capture the probability of occur-
rence of an event. Figure 9 shows reliability diagrams and
sharpness histograms for two times of day, 1200–1700 UTC
(top) and 0000–0500 UTC (bottom) for the W domain.
As there are no higher-probability forecasts, the reliability
lines are only shown at low probability bins containing at
least 100 samples of data. Results are shown for L= 45 km
(9 grid points; left) and 95 km (19 grid points; right). Focus-
ing first on the top-left plot (1200–1700 UTC, L= 45 km),
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608 ANDERSON et al.

F I G U R E 9 Reliability diagrams
(solid) and sharpness histograms
(dashed) for the verification of
P(Ct|X0) against Cb

t for the domain W.
Colours show forecast lead time:
yellow/light, lead time t0 to
purple/dark, t6. Results are shown for
two times-of-day windows, 1200–1700
UTC (top) and 0000–0500 UTC
(bottom) and for two spatial scales,
L= 45 km (left) and 95 km (right).
Reliability diagrams are only plotted
for sharpness histogram bins
containing greater than 100 data
points.

F I G U R E 10 Relative operating
characteristic (ROC) diagrams for the
verification of P(Ct|X0) against Cb

t for
domain W. Colours show forecast lead
time: yellow/light, lead time t0 to
purple/dark, t6. Results are shown for
two time-of-day windows, 1200 to 1700
UTC (top) and 0000 to 0500 UTC
(bottom) and for two spatial scales,
L= 45 km (left) and 95 km (right).

we see that the solid lines for all lead times fall below,
but close and parallel to, the diagonal. Thus, the observed
relative frequency is slightly lower than the forecast proba-
bilities for a given probability bin: the forecast probabilities
tend to be slightly too high for all probabilities considered.
Similar results are seen for small L at other times of day
(e.g., 0000–0500 UTC, bottom left). Although similar per-
formance is seen across lead times, there is a tendency
for the shorter lead times to have forecasts that are more
reliable during the night and early morning. Considering
the sharpness histograms for this L, we see that >95% of
forecasts fall into the first two probability bins (0 to 0.2),
with the remaining forecasts in bins 3 and 4 (0.2–0.4).

Overall, the reliability for forecast probabilities less
than 0.4 is similar as L increases. For higher forecast prob-
abilities, increasing L improves the reliability. The details
of the scale-dependence depend on the forecast lead time
and time-of-day window considered. As L increases, the
forecast probability values also increase, with higher bins
being populated in the sharpness diagrams, for example,
by L= 95 km (right column) over 5% of forecasts have
probabilities >0.5. In a way, by considering larger spatial
scales we are artificially inflating the probability values.
Comparison with rain gauge observations (Section 4.3)
is needed to inform as to whether or not this is justified.
For the largest L shown here (L= 95 km; right), the
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ANDERSON et al. 609

F I G U R E 11 Relative operating characteristic skill score (ROCSS) of P(Ct|X0) compared to P(C) as a function of L. Colours show
forecast lead time: yellow/light, lead time t0 to purple/dark, t6 for the four time-of-day windows split by forecast origin time (rows) and three
verification domains considered (columns). Black crosses show ROCSS values for the L selected to use at each lead time (see text). Red dotted
vertical lines mark the example L used in Figures 4, 5 and 7–10 (45 and 95 km), and the minimum L considered (15 km).

performance in the first few hours of the forecasts is
poorer than that at longer lead times for low probabil-
ities, but is improved for high probabilities. The large
L, and associated spatial smoothing of the probabilities
(low probabilities increased, high probabilities reduced)
results in underconfident predictions at short lead times.
Thus the optimal L is time-varying throughout the now-
cast, with smaller L more appropriate at shorter lead
times. Similar results are found for the other verification
domains (Supplementary Figures S1 and S3); the results
for the three domains will be examined below in the
comparison of skill scores (Figures 11 and 12 below).

We next examine how P(Ct|X0) compares to Cb in
an event-based framework, that is how, for a particular
probability threshold, P(Ct|X0) captures Cb in terms of
hits, misses, false alarms and correct rejections. Figure 10
shows ROC diagrams for two times of day, 1200–1700
UTC (top) and 0000–0500 UTC (bottom) and spatial scales
L= 45 km (left) and 95 km (right). All the nowcasts show
some skill in this framework, with the ROC curves lying
above the diagonal (ROC curve for a random forecast) for
all lead times and times of day considered. Poorer skill

is seen when levels of convective activity are low and
decreasing (e.g., from 0000 to 0900 UTC). In Figure 10
this is seen in greater lead time variation in skill from
0000 to 0500 UTC, with poorer skill seen at longer lead
times (i.e. predicting further into the morning). For all
times of day the ROC diagrams show a clear increase in
forecast skill with increasing L, and decrease in forecast
skill for increasing nowcast lead time. These trends are
much clearer than those seen for the reliability diagrams
(Figure 9): the ROC diagrams are not sensitive to the bias
in the probability forecasts affecting the reliability. As with
the reliability diagrams, similar conclusions can be drawn
from the ROC diagrams for the other verification domains
(Supplementary Figures S2 and S4).

To assess the nowcast skill at capturing individual
events, Figure 11 shows the ROCSS as a function of L
for the four time-of-day windows considered (rows) and
the three verification domains (columns). Each plot shows
scores for each forecast lead time as a function of L.
The example L used in Figures 4, 5 and 7–10 (45 and
95 km), along with the minimum L considered (15 km) are
highlighted by the red vertical lines. For all the domains
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610 ANDERSON et al.

F I G U R E 12 Brier skill score (BSS) of P(Ct|X0) compared to P(C) as a function of L. Colours show forecast lead time: yellow/light, lead
time t0 to purple/dark, t6 for the four time-of-day windows split by forecast origin time (rows) and three verification domains considered
(columns). Red dotted vertical lines mark the example L used in Figures 4, 5 and 7–10 (45 and 95 km), and the minimum L considered (15 km).

and lead times considered, the ROCSS are positive and
P(Ct|X0) are skilful compared to P(C). Overall, consis-
tent with the ROC and reliability diagrams in Figure 9
and Figure 10, higher skill is seen for shorter lead time
forecasts. After an initial strong increase in ROCSS with
increasing L, further increases are less marked, with
forecast origins from 1200 to 1700 UTC (all verification
domains) and 1800 to 2300 UTC (domains W and C)
showing a slight decrease in skill for the higher L con-
sidered. Overly smoothing out the probability fields has a
detrimental effect on the prediction of convective events
for these times and domains. Two additional verification
domains, North (N) and South (S), combining longitudi-
nal coverage of the W and C domains, were considered
to further investigate the spatial dependence in afternoon
and evening nowcast skill. This analysis (Supplementary
Figures S7 and S8) found nowcasts for the N domain to
be more skilful than those for the S domain, reflecting
the occurrence of longer-lived and more-predictable con-
vective structures further north. The ROCSS peaked at
smaller L for the S domain, similar to the behaviour seen

for the W and C domains, suggesting that the topographic
influence on the convection from the Guinea Highlands
may be constraining the spatial uncertainty in convection
location.

For all times of day and domains, there is also a lead
time dependence, with the ROCSS peaking at larger L
for longer lead times, for example, for the E domain
evaluated in the afternoon (top right plot) or W and C
domains in the evening (second row, left and centre). In
a well -performing ensemble system, the range of possi-
bilities (spread) is representative of the true uncertainty
in the forecast (skill) (e.g., Buizza, 1997; Leutbecher &
Palmer, 2008). Statistically we would expect both the
spread and uncertainty to increase with forecast lead time.
Associated with this increase in uncertainty is an increase
in the spatial scales needed to give a skilful ensemble fore-
cast (e.g., Dey et al., 2014). Here the differences between
historical convective structures contributing to P(Ct|X0)
(the ‘spread’) increases with lead time (due to dispersion
away from S0) and the scale L needed to give peak skill
increases.
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ANDERSON et al. 611

T A B L E 1 Spatial scales L values appropriate for each forecast lead time.

Lead time (hr) 0 1 2 3 4 5 6

L (km) 45 55 65 75 85 95 105

L (no. 5-km grid points) 9 11 13 15 17 19 21

F I G U R E 13 Example nowcast for 26 August 2012 0000 UTC. P(Ct|X0) are shown for lead times of zero (t0) to six hours (t6) using L
appropriate to each forecast lead time as given in Table 1 (left), for L= 45 (centre), and for L= 105 km (right). Each L is shown by the black
square to the northeast of the domain.

For operational use in NRT, it is desirable to select
one L for use in each nowcast image, reducing the com-
putation and simplifying visualisation and interpretation.
Subjective analysis of Figure 11, along with the corre-
sponding figures for forecasts grouped by forecast evalua-
tion time (Supplementary Figure S5), and for the different
verification periods considered, suggests that a workable
approximation for obtaining the maximum skill is to have
a spatial scale that increases with lead time. This relation-
ship is approximately linear, ranging from spatial scales of

45 km at t0 to 105 km for a t6. The ROCSS at these scales
are shown by the black crosses in Figure 11. Although
more complex relationships could be developed, it is not
believed that this additional complexity is warranted for
this simple nowcasting system. Table 1 summarises the L
values selected for each forecast lead time.

Figure 12 is identical in structure to Figure 11, but
showing the BSS. Overall P(Ct|X0) are skilful (positive
BSS) compared to P(C): conditioning the nowcasts based
on the location of current convection leads to useful gains
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612 ANDERSON et al.

F I G U R E 14 Relative operating characteristic (ROC) diagrams (top two rows) and ROC skill score (ROCSS) as a function of L (bottom)
for the verification of P(Ct|X0) against 24-hour rain gauge accumulations. Colours show forecast lead time: yellow/light, lead time t0 to
purple/dark, t6 for rainfall thresholds 30 mm (left), 60 mm (centre) and 90 mm (right). Black crosses show ROCSS values for the L selected for
real-time use.

in skill for the probability values. The BSS shows skill
increasing uniformly as L increases, at least for the range
of scales considered here. Thus, the selection of the L val-
ues for each forecast lead time based on the ROCSS alone
(Table 1) is appropriate.

Figure 13 shows the same nowcast example as shown
in Figure 7 but using the L appropriate to each forecast lead
time (left), and L of 45 km (centre, used for t0) and L of
105 km (right, used for t6). As L increases with lead time
the effect on P(Ct|X0) is consistent and smoothly varying
across lead times. Overall, we see that varying L results in
probability values that show less decrease with lead time.
In particular, the larger L used at longer lead times increase

the nowcast probability values as the spatial constraint on
the precise location of convection is relaxed.

Further nowcasts can be viewed through the UKCEH
Hydrology in Sub-Saharan Africa portal (UKCEH, 2023)
which has been running nowcasts in real-time over JJAS
since September 2021.

4.3 Verification of forecast method
for predicting rainfall events

The results of Section 4.2 provide a useful evaluation
of the performance of P(Ct|X0) for predicting convective
activity. It is also necessary to evaluate the performance
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ANDERSON et al. 613

of P(Ct|X0) directly against observed rainfall. Here we
verify against the 24-hour rain gauge accumulation data
from Dakar, as used in Section 4.1 to assess the perfor-
mance of Cb. For a meaningful comparison, all P(Ct|X0)
grids corresponding to each 24-hour rain gauge accumula-
tion period are considered. It is possible for the occurrence
of convection at any hour of the day to dominate the
24-hour precipitation total. Hence, to facilitate the com-
parison of a daily precipitation totals with hourly convec-
tive structures, the maximum probability is taken across
all P(Ct|X0) grids with evaluation times falling within the
24-hour rain gauge accumulation period. Each grid point
and forecast lead time were considered separately. This
comparison, although not exactly like-for-like, provides
an indication as to the utility of P(Ct|X0) for predict-
ing extreme precipitation events. As it is more likely that
any differences between these two measures will result in
poorer verification results, the verification seeks to answer
the question ‘is this forecasting system viable’ rather than
‘how good is the forecasting system’. Here we focus on the
ROC diagram and ROCSS as these are not sensitive to any
probability bias incurred through the ‘24-hour maximum’
treatment of P(Ct|X0). Each rain gauge is compared to
P(Ct|X0) for the closest grid square to that rain gauge, for a
range of L.

Figure 14 shows example ROC diagrams, for L= 45 km
and 95 km (top two rows) for rainfall thresholds 30, 60,
and 90 mm (columns). For all thresholds, ROC curves at
small L (e.g., 45 km, top row) show poorer performance
than those for larger scales. This is particularly seen at
lead times greater than three hours where the L= 45 km
curves lie very close to the ‘random forecast’ diagonal. For
larger scales, the ROC scores are of comparable magni-
tude to those seen for the verification of P(Ct|X0) against
Cb (Figure 10). Overall, the ROC curves are similar for the
three precipitation thresholds considered, with the excep-
tion of lead times t5 and t6 for the 90-mm threshold where
poorer performance is seen, possibly due to the smaller
sample size (e.g., Figure 2). The bottom row of Figure 14
shows the ROCSS as a function of L, with the example L
values corresponding to the ROC diagrams above marked
with red lines. Although these results are noisier than
those for the verification against Cb (Figure 11), particu-
larly for the 90-mm threshold where sampling uncertain-
ties start to dominate, the pattern is the same, with higher
skill seen for shorter lead times and larger L. Thus, the
appropriate values of L to maximise the nowcast skill at
each lead time, given in Table 1, are also an appropriate
choice for increasing the skill of prediction for extreme
precipitation events. Overall, considering both the ROC
and ROCSS diagrams shows that P(Ct|X0) is skilful at pre-
dicting convection leading to heavy, flood producing and
extreme 24-hour precipitation accumulations over Dakar.

5 SUMMARY AND DISCUSSION

This paper has presented and assessed a novel approach
to produce probabilistic nowcasts of convective activity
out to six hours ahead using historical satellite records,
conditioned on the current location of observed convec-
tion. These nowcasts were shown to be skilful (compared
to a full climatological reference) at predicting convective
activity over a Western Sahelian domain, and for 24-hour
precipitation accumulations over Dakar. When consider-
ing the skill in a contingency framework given by ROCSS,
the nowcasts were found to be skilful for all times of
day and lead times considered. Thus, with an appropri-
ate probability threshold applied, the nowcasts are useful
at predicting both convective activity over the Western
Sahelian domain, and extreme precipitation events over
Dakar. Assessing the skill of the probability values accord-
ing to BSS shows skill varying with the time of day, peaking
in the afternoon where the probability values are skil-
ful out to five hours, with a minimum in skill in the
evening where skill is seen in the first three hours. The
applicability of these results to other regions across Africa
is currently being tested, where we expect the largest
potential for locations that are similarly dominated by
long-lived, propagating convective systems. Although a
direct like-for-like comparison with existing approaches
for nowcasting future tracks of convection as in Burton
et al. (2022) and Hill et al. (2020) is not possible (e.g.,
due to differences in reference, domain, verification data),
they do provide a useful context in which to consider the
probabilistic approach presented here. Burton et al. (2022)
produce nowcasts skilful out to four hours, with mini-
mum skill in the afternoon. Hill et al. (2020) show now-
casts are skilful out to the 90 minutes considered, but do
not assess longer lead times. The climatology-based prob-
abilistic nowcasts presented here also show skill out to
the six hour lead times considered, with skill peaking
in the afternoon. Combined with the very limited data
used (MSG CTT only) and minimal calculations required
in NRT, this suggests the probabilistic nowcasts could be
highly valuable for operational use in the near-term, par-
ticularly in the afternoon and early evening when convec-
tive activity and nowcast skill peak. As this time of day
corresponds to the minimum skill found for track-based
nowcasting (Burton et al., 2022) these approaches, whilst
being very different, may be particularly complementary;
combining these in a real-time operational system would
provide a more complete picture of impeding hazards
from severe convection which should be investigated in
future work.

The method presented in this paper has made use of
a neighbourhood approach to define probabilities at dif-
ferent spatial scales. This has been implemented in two
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614 ANDERSON et al.

places, first in defining the source area S0 — the distance
around current convective structures used to condition
the historical data — and secondly in defining the scales
L over which the probabilities are calculated. Whereas
S0 was fixed based on the size of the historical sample
needed to give spatially consistent probability values at
a useful granularity, a range of L were considered with
forecast performance used to inform the final selection
for NRT use. This final selection, obtained quantitatively
from manually looking at all the verification data, varied
with forecast lead time, ranges from 45 km at the now-
cast origin to 105 km at lead times of six hours. At short
lead times, these scales are comparable to those found
to be skilful for the verification of track-based nowcasts
by Burton et al. (2022): 10 km at two hours. However,
differences are seen at longer lead times, with Burton
et al. (2022) suggesting 200 km as skilful at four hours,
compared to the 85 km L selected here at this lead time.
Although differently defined, Burton et al. (2022) make use
of the useful scales defined by the Fractions Skill Score
(Roberts & Lean, 2008). This comparison does suggest that
the climatological probabilities are retaining smaller-scale
information at longer lead times. This makes sense as
the diurnal cycle of convection, and fixed surface con-
straints on convection initiation and decay, are implicitly
included in the climatological information. In contrast, the
object tracking method of Burton et al. (2022) takes no
account of the convective life cycle, and how it is strongly
influenced by both the diurnal cycle and underlying
terrain.

The methods discussed above are only a selection of
those available to use for observation-based nowcasting.
In particular, current research into machine learning is
providing exciting opportunities for the development of
novel nowcasting techniques (Kumar et al., 2020; Shi
et al., 2017). There are also similarities between the con-
ditional probabilistic approach presented here, to that
of analogue forecasting where the historical database
is searched to find the past events most like the cur-
rent meteorological situation (e.g., Foresti et al., 2015;
Panziera et al., 2011). However, our approach differs in
that there is no matching to single historical events; prob-
abilistic nowcasts are generated from multiple storms
sourced in similar locations to that which is observed.
Secondly, probabilities are created separately for each
current convective structure and combined: the full pat-
tern of observed convection in the real-time image is
not matched to that from the historical database, as this
would result in a small unrepresentative sample. Based
fully on historical observations (here from 2004 to 2019),
the simple nowcasting method presented here will only
forecast convective activity at locations where convec-
tion occurred in the historical sample. If rainfall patterns

were to change to different locations, these would not be
captured. It would however be possible to periodically
update the climatological probabilities P(C) and
P(Ct|x0).

Although this study calculated and initiated nowcasts
hourly, as a simple proof-of-concept, it is possible for now-
casts to be calculated and initiated up to the 15-min tem-
poral resolution of the MSG CTT data. For fast-developing
systems close to specific areas of interest, for example
settlements, this could provide more timely information.
However, the gains in skill from any increase in temporal
granulation would have to be carefully considered, given
the inherent link between spatial uncertainty and tem-
poral uncertainty for forward-propagating systems. Here
we do not separately consider temporal uncertainty. Given
calibrated skill (as given by the ROCSS) was seen out to
the maximum lead time of six hours considered here, it
is possible that additional information could be gained
by further extending the nowcasts, given MCS lifetime in
this region can extend to up to 24 hours. Of course, these
extended forecasts would require further in-depth analysis
to understand the underlying drivers of predictability, and
cautious interpretation.

This paper has focused on the development of grid-
ded nowcasts of convective structures, applicable across
a wide geographical region. Ongoing work seeks to
relate these probabilities of convection more directly to
extreme precipitation risk, and to quantify the associ-
ated hazard of flash flooding. The system could be fur-
ther improved by including additional meteorological
information, either observed or forecast. For example,
as land surface temperature (LST) has been shown to
constrain the development of convection (Klein & Tay-
lor, 2020; Taylor et al., 2022), including LST in the
nowcasting system could lead to improvements in skill.
Including further convective structure properties, such
as temperature or size, and larger-scale atmospheric
information related to convective initiation, could also
lead to improvements. Further refinements and con-
straints to the historical sample could also be considered,
such as introducing monthly variation to the conditional
probabilities.

6 CONCLUSIONS

In conclusion, a simple probabilistic nowcasting method-
ology has been presented and verified for predicting
convective structures over the Western Sahel. Based on
one stream of satellite data, MSG CTT, and using mini-
mal real-time computational resource (nowcasts can be
produced in around 5 min on a standard laptop), this
provides a useful and easily-implemented method widely
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ANDERSON et al. 615

applicable across data scarce regions with limited radar
coverage. Nowcasts are based on prior offline database
calculations which, although non-complex, are compu-
tationally intense (requiring the use of high performance
computing platforms).

Through verifying the nowcast performance against
both observed convective structures, and 24-hour rain
gauge accumulation data over Dakar, it has been shown
that these nowcasts are skilful out to six hour lead times
compared to the full climatology. We also showed that
suitable spatial scales for calculating the probabilities vary
with lead time from 45 km at the nowcast origin to around
100 km at a six hour lead time.

These methods provide a baseline and a framework
from which more sophisticated nowcasts can be produced
and assessed, for example including additional meteo-
rological variables or combining with other nowcasting
approaches, such as the prediction of storm tracks. Addi-
tionally, when linked with the chance of extreme precipi-
tation, the probabilistic nowcasts can be used to estimate
extreme precipitation and associated flooding hazards.
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