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ABSTRACT
Satellite-based ‘nowcasting’, which extrapolates the latest observations to provide forecasts from minutes to 6 h ahead, of-
fers an accurate and timely approach for monitoring extreme weather. We evaluate the widely used NWCSAF Convective 
Rainfall Rate (CRR) nowcasting product using instantaneous (non-propagated) estimates against a network of high-
temporal-resolution rain gauges in Zambia during the wet seasons from 2019 to 2024. We also assess two alternative satellite-
based rainfall products: IMERG microwave-only (IMERG-HQ) and Rain over Africa (RoA), a machine learning–generated 
nowcasting product. Additionally, lightning data from the Meteosat Third Generation mission and cloud-top temperature 
data were used to evaluate the products. These datasets formed part of the products used by forecasters during nowcasting 
testbeds conducted under the WISER EWSA project and positive feedback from users was widely reported. Our analysis 
shows that the products have distributions similar to the in situ data, but all exhibit biases, with CRR and IMERG-HQ gen-
erally overestimating rainfall rates while RoA tends to underestimate. Across different thresholds and aggregation windows, 
RoA outperforms IMERG-HQ and CRR for rain occurrence on most metrics, including hit rate, probability of false alarm and 
Heidke skill score. However, all products show reduced skill for extreme rainfall. CRR also shows weak correspondence with 
lightning activity and does not detect rainfall from cloud tops warmer than −30°C. In contrast, RoA and IMERG-HQ exhibit 
greater sensitivity to cloud top temperature, including warmer cloud regimes. The generally superior performance of RoA 
compared to IMERG-HQ is remarkable, given that RoA only takes infrared satellite channels as input, whereas IMERG-HQ 
uses microwave channels. We attribute RoA's greater skill to the ability of ML to optimally exploit the data and bring spatial 
information into the algorithm. Our findings emphasise the value of satellite-based monitoring and nowcasting, while un-
derscoring the need for training and calibration to improve accuracy.

1   |   Introduction

Rainfall in the tropics is predominantly convective, resulting 
in precipitation that is often intense and spatially localised. 
Such events frequently lead to hydrometeorological disasters, 

primarily due to flooding. Klein et al. (2018) found that, in West 
Africa, convective cloud tops colder than − 80

◦

C are associ-
ated with an 80% likelihood of extreme rainfall. Under global 
warming, both the intensity and frequency of these localised 
extreme events increase (Taylor et al. 2017; Kendon et al. 2019). 
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The impacts of such events are exacerbated by rapid popula-
tion growth, particularly in African countries, where urban 
populations are projected to triple between 2020 and 2050 (UN 
DESA 2018), increasing exposure and vulnerability to hydrome-
teorological hazards.

Weather forecasting in tropical Africa remains challenging 
due to persistent limitations in the performance of numerical 
weather prediction (NWP) systems. Accurate and timely fore-
casts are nevertheless essential for reducing the impacts of 
weather-related disasters. Across Africa, operational forecasts 
are primarily produced at daily and seasonal timescales using 
NWP models (Milton et al. 2017). However, several studies have 
shown that forecast skill in tropical regions often does not sub-
stantially exceed that of simple climatological forecasts (e.g., 
Vogel et al. 2018; Woodhams et al. 2018; Ageet et al. 2023). This 
reduced skill is largely attributed to the poor representation 
of key atmospheric processes, particularly convection (Vogel 
et  al.  2018), together with the scarcity of observational data 
available for data assimilation (Žagar 2017).

Nowcasting, defined by the World Meteorological Organisation 
(WMO; WMO  2017) as ‘forecasting with local detail, by any 
method, over a period from the present to 6 h ahead, including 
a detailed description of the present weather’, offers a comple-
mentary solution to daily NWP forecasts. By leveraging the 
most recent observational data and propagating it forward over 
short lead times (up to 6 h), nowcasts are typically more accu-
rate than daily and longer-range NWP forecasts (e.g., Bližňák 
et al. 2017; White et al. 2017) and are therefore well suited for 
predicting high-impact weather events at very short lead times. 
This is particularly valuable in (sub)tropical regions of Africa, 
where weather systems are highly dynamic and stochastic in 
nature (Lamptey et al. 2024). Motivated by these challenges and 
opportunities, the Weather and Climate Information Services 
Early Warning for Southern Africa (WISER-EWSA) project, 
under which the verification work presented in this article was 
conducted, aimed to introduce and enhance nowcasting across 
Southern Africa.

To achieve the project's aim, WISER-EWSA aimed to imple-
ment two nowcasting testbeds (Ageet et al. 2024; San Roman 
Pineda et  al.  2025), intensive two-week events designed to 
bring together key stakeholders, including meteorological 
services, researchers, disaster preparedness agencies, media 
representatives, intermediary non-governmental organi-
sations and urban communities. These testbeds facilitated 
the co-design, co-production and trial of nowcasting prod-
ucts for three urban settings: Kanyama (Zambia), Boane 
(Mozambique) and Katlehong (South Africa). Testbed 1 
(T1; Ageet et  al.  2024) was conducted from 29 January to 9 
February 2024 in Lusaka, Zambia. Testbed 2 (T2; San Roman 
Pineda et al. 2025), originally planned for January–February 
2025 in Maputo, Mozambique, was subsequently divided into 
two components: T2-Zambia (T2-Z), held from 27 January 
to 7 February 2025 and T2-Maputo (T2-M), conducted from 
20 to 27 March 2025. Additionally, in response to insights 
gained from T1, an extended ‘King-size’ testbed was intro-
duced. Conducted throughout the rain season, October 2024 
to April 2025, this phase involved a series of intensive, event-
triggered nowcasting activated when severe weather was 

forecasted by medium-range forecasts. Across all testbeds, a 
suite of nowcasting tools and resources was used to create the 
nowcasts.

In Africa, where weather radar coverage remains sparse and 
uneven, satellite-based nowcasting systems have become the 
primary operational approach for monitoring and forecasting 
short-term convective rainfall. Although weather radars pro-
vide the most accurate remote sensing of rainfall area, inten-
sity and temporal evolution, their deployment across much of 
the continent remains limited due to the high costs associated 
with acquisition, operation and maintenance (World Bank 2021; 
WMO  2025). Consequently, operational nowcasting in many 
African countries relies heavily on satellite observations and 
satellite-derived products. Roberts et  al.  (2022) reviewed the 
principal nowcasting methodologies applied across Africa and 
highlighted the widespread adoption of products developed by 
the EUMETSAT Satellite Application Facility on Support to 
Nowcasting and Very Short-Range Forecasts (NWC SAF). These 
products have been operationally implemented by institutions 
such as the South African Weather Service (SAWS; de Coning 
et  al.  2015, Gijben and De Coning  2017) and within regional 
forecasting initiatives including the Global Challenges Research 
Fund African Science for Weather Information and Forecasting 
Techniques project (GCRF SWIFT; Parker et al. 2022). Similarly, 
the WISER-EWSA programme employed NWC SAF products 
as core operational tools during forecasting testbeds. Among 
the available products, the Convective Rainfall Rate (CRR) and 
Rapidly Developing Thunderstorms (RDT) products were the 
most widely used during the testbeds. The forecasting activities 
also provided an opportunity to evaluate emerging machine-
learning-based products, including the Rain over Africa (RoA; 
Amell et  al.  2025) satellite rainfall estimates and machine-
learning nowcasting of satellite imagery (Hermes et al. 2025).

While all nowcasting products demonstrated both strengths 
and limitations, primarily assessed through day-to-day, sub-
jective, case-based evaluations, a systematic and objective 
verification is essential to determine their suitability for 
Southern Africa. Many of these products are not optimised for 
tropical or subtropical regions; for instance, the CRR product 
is calibrated using European radar networks (Hernanz and 
Lahuerta  2019), which may not fully capture the convective 
characteristics of Africa. Unfortunately, verification efforts 
over the African continent remain limited, with the few stud-
ies done for West Africa, East and Southern Africa. Anderson 
et al. (2024) evaluated a novel convective activity nowcasting 
method based on satellite-derived cloud-top temperatures, 
against daily rain gauge observations over the Sahel. Similarly, 
Hill et al. (2020) assessed the performance of CRR and Rapidly 
Developing Thunderstorm (RDT) products over West and East 
Africa using the Global Precipitation Measurement (GPM) 
mission's IMERG dataset (Hou et al. 2014). In South Africa, de 
Coning et al. (2015) and Gijben and De Coning (2017) verified 
RDT using ground-based radar and lightning data. Recently, 
machine learning has provided significant opportunities to 
improve nowcasting, including in Africa, both by enhancing 
rainfall estimation and improving forward predictions (e.g., 
Ayzel and Heistermann  2025; Hermes et  al.  2025). There is 
therefore a need to assess and quantify the skill of satellite-
based nowcasting products over Africa, particularly at 
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sub-daily rainfall accumulations and intensities, using in situ 
rain gauge observations and to evaluate whether alternative 
products, including ML-based approaches, offer improved 
performance compared to the commonly used CRR.

This study therefore aims to systematically assess the skill of 
three near-real time satellite products over Southern Africa at 
sub-hourly to hourly timescales and to identify the most suit-
able for nowcasting for the region. We evaluate instantaneous 
estimates from the benchmark NWCSAF CRR nowcasting 
product, the microwave-only component of IMERG, which is 
not available in real time for nowcasting but is often used as 
a reference (e.g., for training machine-learning algorithms) 
and RoA, a newly developed machine-learning-based satellite 
rainfall product, during the 2019–2024 wet seasons. We use a 
network of 27 Automatic Weather Stations (AWS) provided by 
the Zambia Meteorological Department as part of the WISER 
EWSA initiative, alongside lightning data from Meteosat 
Third Generation (MTG). Importantly, unlike most previous 
studies, our evaluation is conducted on a sub-daily timescale, 
allowing us to assess the suitability of these products for the 
nowcasting timescales of minutes to 6 h of great importance 
to many users.

The rest of the manuscript is structured as follows: Section 2 
introduces the datasets used and the methods of analysis ap-
plied. Section 3 presents the results, including the evaluation 
of rainfall distributions and intensities in the three products 
against gauge observations, an assessment of the potential to 
infer rainfall rates from the distribution of satellite rainfall 
estimates (SREs) and a comparison of these products with 
rainfall proxies such as lightning and cloud-top temperatures. 
The results are discussed in Section 4 and the conclusions pre-
sented in Section 5.

2   |   Data and Methods

2.1   |   Data

2.1.1   |   Satellite-Based Products Evaluated

2.1.1.1   |   Convective Rainfall Rate.  The Convective 
Rainfall Rate (CRR; Hernanz and Lahuerta  2019), hereaf-
ter referred to as CRR, is a near-real-time product developed 
for nowcasting applications. It provides instantaneous rain-
fall rates and hourly accumulations associated with convec-
tive and convectively induced stratiform cloud systems. The 
product is derived from a combination of SEVIRI (Spinning 
Enhanced Visible and Infrared Imager) radiances, spe-
cifically using either a two or three-variable (irradiances) 
approach. The two-variable approach configuration employs 
the 10.8 μm infrared (IR) band and the difference between 
the 10.8 μm IR and 6.2 μm water vapour (WV) channels, 
while the three-variable approach additionally uses the visi-
ble channel (0.6 μm VIS). While the three-channel configu-
ration generally yields more accurate results and is therefore 
preferred, it is only available during daytime. More precisely, 
for each pixel, if the solar zenith angle is below a user-defined 
threshold (default: 80°) and the visible channel is usable, 
the three-channel algorithm is applied. Otherwise, typically 

at night or under low solar illumination, the algorithm uses 
the two-channel configuration.

The CRR algorithm is calibrated through pixel-level compar-
ison of SEVIRI imagery with collocated ground-based radar 
observations. Calibration has been primarily performed using 
radar data from European networks, notably those in the 
Baltic region, Hungary and Spain. As a result, the algorithm 
is optimised for the mid-latitudes conditions, potentially lim-
iting its accuracy in tropical environments, which are the 
focus of this study. As outlined in Hill et al. (2020), the basic 
CRR rain rates obtained from the above steps undergo sev-
eral post-processing corrections aimed at improving the fi-
delity of the estimates. These include: (a) Filtering is applied 
to exclude non-convective rainfall by setting to zero the CRR 
value for any pixel where the surrounding 7 × 7-pixel neigh-
bourhood contains no values exceeding 3 mm/h. Although the 
initial filtering removes low-intensity non-convective rainfall 
(i.e., < 3 mm/h), subsequent corrections discussed below, that 
happen after the filtering, may reduce rain rates below this 
threshold. Consequently, the final CRR product may include 
values under 3 mm/h. (b) Adjustments applied to account for 
the spatial and temporal variability of cloud properties. These 
include moisture corrections (increasing rainfall rates in 
moist areas and reducing them in dry areas), cloud-top evolu-
tion corrections (enhancing or suppressing rainfall based on 
cloud growth or decay) and orographic corrections (modify-
ing rain rates based on terrain-induced vertical motion using 
surface pressure gradients aligned with near-surface NWP 
wind fields). (c) For some regions, where available, light-
ning and/or radar data are incorporated to enhance the de-
tection and quantification of convective rainfall, given their 
strong association with convective processes. Finally, the 
rain rates are extrapolated at intervals of 15 min for short-
term nowcasting purposes. This is achieved through the ap-
plication of the NWCSAF product generating element (PGE), 
EXIM (EXtrapolted IMagery) that makes use of atmospheric 
motion vectors to provide information on the direction and 
speed of features in both geostationary satellite imagery and 
NWCSAF products like CRR (Hernanz and Lahuerta 2019). In 
this study, only instantaneous CRR estimates prior to propa-
gation are used.

2.1.1.2   |   Rain Over Africa.  Rain of Africa (RoA; Amell 
et  al.  2025) is a near-real-time (NRT), satellite-based rainfall 
product that provides continent-wide coverage across Africa 
every 15 min on a 3-km grid, the native MSG resolution. The 
RoA estimates are derived only from SEVIRI thermal infrared 
radiances, enabling continuous rainfall monitoring with only a 
latency of a few minutes.

The retrieval algorithm underlying RoA combines a quantile 
regression neural network (QRNN; Pfreundschuh et  al.  2018) 
with a convolutional neural network. The QRNN component 
enables RoA to address the irreducible uncertainty inherent in 
SREs, where identical infrared temperatures can correspond 
to different rainfall intensities or vice versa. Therefore, RoA is 
also able to provide case-specific retrieval errors, but which we 
do not analyse here. The model is trained and validated using 
4 years of collocations of Meteosat SEVIRI and the GPM Core 
Observatory combined radar-microwave radiometer product. 
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No gauge observations are incorporated at any stage of the model 
development, training or validation. Details on the algorithmic 
methodology are presented in (Amell et al. 2025). In this work, 
we use a version of RoA that predates its publication, where the 
main differences reside in the projection used (a 0.027◦

× 0.027
◦ 

grid) and the extent of the training and evaluation database. An 
internal evaluation showed minimal differences between the 
two estimates and we consider the version used functionally 
equivalent to the published RoA.

Compared to widely used SREs such as IMERG and Climate 
Hazard Infrared Precipitation with Stations (CHIRPS; Funk 
et al. 2015), RoA offers substantially higher temporal resolution 
and NRT capability. When compared with IMERG, RoA repro-
duced similar diurnal cycles but showed better consistency, in-
cluding a better resolution of small-scale structures over land, 
underscoring the RoA potential for real-time rainfall monitor-
ing and nowcasting over Africa.

2.1.1.3   |   Integrated Multi-Satellite Retrievals for Global 
Precipitation Measurement (IMERG).  Integrated 
Multi-satellitE Retrievals for the Global Precipitation Mea-
surement (GPM; Hou et  al.  2014) mission (IMERG; Huff-
man et  al.  2020), provides global satellite-based precipitation 
estimates at a spatial resolution of 0.1° and a temporal res-
olution of 30 min. The IMERG product suite includes mul-
tiple variants based on latency (i.e., Early, Late and Final 
runs) and input sources (e.g., microwave-only, infrared-only 
and infrared-calibrated with microwave). In this study, we use 
the Final run of the microwave-only product, referred to as 
IMERG High-Quality (IMERG-HQ), from version 7 (IMERG 
v07; Huffman et al. 2023).

IMERG-HQ is derived exclusively from passive microwave 
(PMW) sensors, including the GPM Microwave Imager (GMI) 
and additional partner sensors from the GPM constellation. 
Unlike other IMERG variants, IMERG-HQ therefore excludes 
both infrared data and gauge-based adjustments, making 
it well suited for the independent validation of precipitation 
estimates such as the SEVIRI-based CRR. The merging and 
intercalibration of the PMW instruments are performed using 
the GPROF-2017 retrieval algorithm (Kummerow et al. 2015), 
with reference to high-quality datasets such as the Combined 
Radar-Radiometer Algorithm (CORRA), TMI and GMI. A 
quantile-matching approach is employed to adjust precipita-
tion histograms from individual PMW sensors to match the 
reference distributions, incorporating both climatological and 
seasonal corrections. The resulting fields are then gridded at 
0.1° spatial resolution for each 30-min interval, resulting in 
the IMERG-HQ fields. IMERG-HQ has been shown to have 
superior performance over other IMERG variants (Tan et al. 
2016) and this may be attributed to the strengths of PMW sen-
sors, which are more sensitive to precipitation, including light 
rain and mixed-phase hydrometeors and are less affected by 
cloud cover. However, a key limitation of IMERG-HQ is the 
substantial reduction in temporal coverage; approximately 
70%–90% of 30-min time steps are missing compared to the 
full IMERG product. This loss arises from the infrequent 
PMW satellite overpasses, while additional spatial gaps occur 
because PMW sensors operate on lower-orbit platforms with 

narrower swath widths, resulting in incomplete spatial cover-
age at each overpass.

2.1.2   |   Observational Data

2.1.2.1   |   Meteosat Third Generation Lightning 
Data.  Lightning data is a reliable proxy for atmospheric 
convection and is widely used to monitor convective develop-
ment (EUMETSAT  2025b; Erdmann and Poelman  2023). The 
launch of the Meteosat Third Generation (MTG) geostationary 
satellite, equipped with the Lightning Imager (LI), by Euro-
pean Organisation for the Exploitation of Meteorological Sat-
ellites (EUMETSAT), enables real-time, continuous detection 
of total lightning activity (i.e., cloud-to-cloud and intra-cloud 
and cloud-to-ground lightning) across most of Earth disc. The 
MTG Level 2 LI data (MTG LI; EUMETSAT 2025a) offers new 
opportunities for improved monitoring of convective rainfall 
and hence, enhancing nowcasting efforts, particularly in trop-
ical regions where radar systems are rarely available. More-
over, the performance of MTG LI has been demonstrated to 
be reliable and accurate across diverse geographical regions, 
various daylight conditions, viewing geometry and storm char-
acteristics. Bližňák and Sokol  (2026) reported a flash detec-
tion efficiency (FDE) exceeding 80%, a false alarm rate below 
30% and millisecond-level timing agreement. Using 18 months 
of operational observations (Viticchié et  al.  2026), reported 
an average FDE of 87.4%, a false flash fraction of just 0.16% 
and excellent timing and geolocation accuracy.

Lightning can be detected using a range of techniques across 
different parts of the electromagnetic spectrum. These include 
lightning mapping arrays, which utilise very-high-frequency 
radio emissions; ground-based lightning detection networks, 
which rely on lower-frequency signals; and space-borne LIs, 
which observe the optical pulses emitted by lightning. The 
MTG LI data used in this study are based on the latter ap-
proach, with the instrument launched in December 2022 on-
board the MTG satellite. In a nutshell, the MTG LI detection 
process works as follows. First, the radiance in each pixel 
consisting of both a background component and a potential 
lightning signal is measured. The background is removed 
from the measurement and the residual ‘lightning’ signal is 
then compared to a detection threshold. Any residuals exceed-
ing this threshold are flagged as candidate lightning events. 
Because several artefacts, such as radiometric noise, sunlight 
contamination, particle hits on the focal plane or platform 
micro-vibrations, can be mistakenly detected as lightning, ad-
ditional processing is required to distinguish true lightning 
events from false detections. The LI instrument is also cali-
brated twice per year. This is done by analysing dark scenes 
during Earth-eclipse conditions at night, when the instrument 
view is free of sunlight and suitable for radiometric calibra-
tion. Further details of the processing chain are provided in 
EUMETSAT  (2025a). To the best of our knowledge, MTG 
lightning data have not been incorporated in any way into the 
satellite-based products evaluated in this study. Although the 
CRR algorithm can, in principle, incorporate lightning infor-
mation, the version used here relied solely on MSG data and 
MTG Lightning Imager (LI) observations were not included.
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2.1.2.2   |   Cloud-Top Temperature.  Most satellite-based 
rainfall products rely on algorithms that infer precipitation 
from cloud-top temperature, with colder cloud tops generally 
associated with higher intensity rainfall. This relationship 
is particularly central to IR imagery-based retrievals. In this 
study, we relate rainfall rates from CRR, RoA and IMERG-HQ 
to corresponding cloud-top temperatures. For this purpose, 
we use Level 1.5 Meteosat SEVIRI cloud-top temperatures 
derived from the 10.8 μm channel. These data are provided in 
a calibrated form, that is, they are geolocated to a standardised 
geostationary projection centred at 0° N, 0° E and corrected 
for geometric and radiometric effects (EUMETSAT  2017). 
The dataset provides relatively high temporal resolution (15-
min intervals) and low latency (approximately 5 min after 
image acquisition), with a spatial resolution of 3 × 3 km at 
the sub-satellite point. However, cloud-top temperature does 
not constitute a strictly independent dataset for the IR-based 
CRR and RoA products evaluated here, as both derive rain-
fall estimates, at least in part, from cloud-top temperature 
information.

2.1.2.3   |   Rain Gauges.  Despite challenges such as data 
gaps and a sparse network, rain gauges provide the most reliable 
ground truth for evaluating SREs, especially when we are con-
cerned with users who experience precipitation at the local 
(street/field) scale on the ground. In this study, we used data 
from an independent network of automatic weather stations 
(AWSs) across Zambia (Figure  1), provided by the Zambia 

Meteorological Department. These station observations were 
not incorporated into the calibration of the SREs evaluated 
in this study. Rainfall measurements are recorded at 15-min 
intervals and are available with a 5-min latency, which enables 
their use for near-real-time monitoring. Prior to use, the data 
was rigorously quality-checked. First, timestamps of the gauge 
data were verified by comparing with satellite estimated data 
to ensure consistency across datasets. Then, suspicious high 
or zero values were identified through visual inspection of time 
series plots and accumulation curves and compared with neigh-
bouring stations where available; values confirmed to be wrong 
were dropped. The final dataset comprised 27 stations distrib-
uted across the country, covering the period from 2019 to 2024. 
Although some stations still contained data gaps, the over-
all mean data availability is relatively high for this region, at 
approximately 68%. Because the analysis was restricted to time-
steps overlapping with the SREs, no gap filling was performed.

2.2   |   Methods

The evaluation of the SREs was conducted using multiple ob-
servational datasets described in Section 2 and complementary 
methodological approaches to ensure a comprehensive assess-
ment of SRE performance. The methods used in the various 
analyses, including an assessment of the feasibility of using 
SRE-derived rainfall amounts (RoA) to estimate rainfall at 
gauge locations, are described below.

FIGURE 1    |    Study domain and locations of the 27 rain gauges (blue-coloured plus signs) across Zambia that were used in the analysis. The colour 
shading shows the elevation based on Global Land One-km Base Elevation Project (GLOBE; GLOBE Task Team et al. 1999). The map inset highlights 
the location of Zambia within Southern Africa (red box).
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6 of 17 Meteorological Applications, 2026

2.2.1   |   Evaluation of the SREs Against AWSs

2.2.1.1   |   Point-To-Pixel Comparison.  To facilitate 
comparison between the gridded satellite-based precipita-
tion products and point-based observations from the AWSs, a 
point-to-pixel approach was employed. Specifically, the gauge 
data were compared with the values taken from the near-
est grid cells of each satellite product. We acknowledge that 
point-based gauge data may not be fully representative 
of the whole area captured within a satellite product's grid 
cell. The potential implications of this representativeness 
discrepancy are taken into account when discussing our 
findings presented in the results section. To ensure a fair 
and consistent comparison, all gridded products were regrid-
ded to the coarsest native resolution among them (0.1°) using 
first-order conservative remapping (Jones  1999) prior to 
point data extraction. To assess the influence of spatial scale 
on the performance of the satellite-based products, we also 
expanded the area considered when extracting point data by 
taking the maximum rainfall value within increasingly larger 
domains (approx. 10, 20, 40, 60, 80 and 100 km diameters). 
After extracting the 15-min data, all datasets were aggregated 
to 30-min intervals to reduce noise prior to analysis. Addition-
ally, because data gap periods varied among datasets and to 
maximise the amount of data points compared, the compari-
son was not restricted to only time steps when all the datasets 
overlapped. Instead, comparisons for each product were con-
ducted using time steps for which both the AWS and the corre-
sponding satellite-based product were available. This resulted 
in approximately 630,000, 215,000 and 781,000 individual 30-
min observations for CRR, IMERG-HQ and RoA, respectively, 
aggregated across all stations for the wet seasons (October–
April) from 2019 to 2024.

2.2.1.2   |   Evaluation Metrics.  First, the distributions 
of the datasets were evaluated using quantile-quantile (QQ) 
plots and two-dimensional (2D) kernel density estimation 
(KDE). In this study, QQ plots compare the empirical distri-
butions of gauge and SRE rainfall through their correspond-
ing quantiles, providing a direct comparison across the full 
range of values. The analysis was restricted to ‘hits’, defined 

as timesteps where both gauge and SRE rainfall exceeded a 
given threshold. Agreement is indicated by points lying along 
the 1:1 line, while systematic deviations reflect biases; dif-
ferences in lower and upper quantiles indicate discrepancies 
in light and extreme rainfall, respectively, and variations in 
slope reflect differences in variability.

To complement this, a 2D KDE was used to examine the joint 
relationship between gauge and SRE rainfall. KDE provides 
a  non-parametric estimate of the joint probability density 
function, with results shown as density contours represent-
ing regions of equal data density. Alignment of high-density 
regions along the 1:1 line indicates good agreement, while de-
viations reflect biases and broader contours indicate greater 
variability.

The ability of the satellite-based products to retrieve a rainy event 
were then assessed using the 2 × 2 contingency table (Table 1), 
for varying rainrates thresholds, derived from percentiles of the 
data sets and for the different spatio-temporal aggregation win-
dows (i.e., 30 min, 1-, 2-, 4- and 8 h). Like in Hill et al.  (2020), 
percentile-based thresholds are preferred over fixed thresholds 
because they enable fair comparisons across datasets, account 
for seasonal variability, reduce climate-dependent biases and 
provide a more robust representation of extremes across both lo-
cations and products. Given that the datasets are dominated by 
dry periods, only events with rain rates exceeding 0.2 mm/h are 
included in the percentile calculations. From the contingency 
table, we computed the hit rate (the proportion of rainfall events 
correctly detected by the satellite-based products), the probabil-
ity of false alarms (POFA; the proportion of non-events incor-
rectly identified as rainfall) and the Heidke Skill Score (HSS; the 
skill of the satellite products relative to random chance, i.e., the 
climatological probability of rain above a threshold). These cate-
gorical metrics, defined in Table 2, allow us to assess the ability 
of each product to detect rainfall events across different thresh-
olds and to rank the products against themselves. Additionally, 
the Receiver Operating Characteristic (ROC) curve was used to 
further assess the ability of the products to distinguish rainfall 
events from non-events across different temporal aggregation 
windows (30 min; 1, 2, 4 and 8 h). The ROC curve summarises 

TABLE 1    |    2 × 2 contingency table used to compare the occurrence of rainy days in the AWS and SRE datasets.

Gauge ≥ threshold Gauge < threshold

SRE ≥ threshold Hit (H) False alarm (F)

SRE < threshold Miss (M) Correct rejection (R)

Note: For each dataset, a day is classified as rainy if the recorded rainfall is greater than or equal to a dataset-specific percentile-based threshold.

TABLE 2    |    Summary of the metrics derived from the contingency table above.

Statistic Formula Description

POD, [0, 1], 1 POD =
H

H +M
Proportion of observed rainy days correctly identified by SREs.

POFA, [0, 1], 0 POFA =
F

H +F
Proportion of SRE-detected rainy days not observed by gauges.

HSS, [−∞ , 1], 1 HSS =
2(HR−FM)

(H +M)(M +R) + (H +F)(F +R)
Quantifies how well SREs perform compared to random chance.

Note: H, F, M and R are hits, false alarms, misses and correct rejections, respectively. The range and best score for each statistic are given in the first column in square 
brackets and bold numbers, respectively.
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7 of 17Meteorological Applications, 2026

performance by combining the hit rate and POFA across a range 
of thresholds, providing an overall measure of the discrimina-
tion capability of CRR, RoA and IMERG-HQ. Details of these 
evaluation metrics can be found in Wilks (2011).

2.2.2   |   Inferring Rainfall Rates Based on the SRE 
Distribution

To infer rainfall at gauge locations from SRE-derived rainfall, a 
distribution-based approach was applied. For discrete RoA in-
tensity bins, the corresponding distribution of gauge-observed 
rainfall was characterised using histograms and kernel den-
sity estimation (KDE; see Section 2.2.1.2). Selected percentiles 
(25th–99th) of the gauge rainfall distribution were then com-
puted for each RoA bin, providing an estimate of the rainfall 
expected at the ground for a given SRE intensity range (e.g., 1–4, 
3–6, 5–8 and 7-10 mm/day).

The framework we apply here can be interpreted in terms of the 
conditional distribution of gauge rainfall (Y ) given SRE-derived 
rainfall (X). The conditional cumulative distribution function 
(CDF) is defined as

which represents the probability of observing gauge rainfall less 
than or equal to y given an SRE rainfall value X = x. In prac-
tice, this relationship was estimated empirically for discrete SRE 
bins B:

where B denotes a predefined RoA interval.

To summarise these conditional distributions, quantiles were 
computed as follows:

where Qp denotes the p-th quantile (p ∈ [0, 1]). These conditional 
quantiles provide probabilistic estimates of ‘gauge’ rainfall for a 
given range of SRE intensities.

The conditional CDF was estimated empirically as follows:

where nB is the number of observations within bin B and the 
expression represents the empirical cumulative distribution of 
gauge rainfall within that bin.

This approach is conceptually related to quantile-based distribu-
tion mapping techniques commonly used in precipitation stud-
ies (e.g., Gudmundsson et al. 2012; Themeßl et al. 2012). The use 
of percentiles enables the rainfall distribution to be character-
ised across its full range, which is particularly relevant given the 
skewed nature of precipitation data. The resulting percentile–
intensity relationships were smoothed using a moving average 
filter to reduce sampling variability and highlight systematic 
trends.

The conditional quantile relationships can be interpreted as 
a probabilistic mapping between SRE-derived and gauge-
observed rainfall. For a given RoA bin, the median (50th percen-
tile) represents the typical rainfall expected at the gauge, while 
higher percentiles (e.g., 85th–99th) indicate the upper range of 
possible rainfall and the potential for extreme events and lower 
percentiles provide more conservative estimates. The spread be-
tween quantiles reflects the variability and uncertainty in the 
SRE–gauge relationship, with wider spreads indicating greater 
dispersion.

2.2.3   |   Evaluation Against Proxies: Lightning 
and Cloud Top Temperature

Additional insight into the performance of the different data-
sets is provided by comparison with MTG lightning data. 
Specifically, we computed the probability of lightning as 
a function of rain rate. This comparison of CRR, RoA and 
IMERG-HQ with lightning data was carried out on a pixel-to-
pixel basis, despite the datasets having different native spatial 
resolutions. Lightning data were first regridded to a 0.05° grid 
and pixels containing at least one lightning flash within each 
15-min MSG acquisition interval were identified. Rainfall 
values from CRR, RoA and IMERG-HQ were then grouped 
into 1-mm bins (0–1, 1–2 mm, etc.) and for each bin, we as-
sessed whether lightning occurred in the nearest 0.05° pixel. 
For RoA and CRR, the analysis used their native spatial grids. 
For IMERG-HQ, however, the lightning data were regridded 
to a regular 0.1° grid and lightning occurrence was checked in 
the closest grid cell. This approach ensures that the coarser-
resolution IMERG-HQ dataset is not unduly penalised during 
the comparison.

To gain an understanding of the relationships between rain 
rate and cloud-top temperatures, we computed the fractional 
contribution of different cloud-top temperature ranges to total 
rainfall for each product. This comparison against cloud-top 
temperatures followed a similar approach to that used for the 
lightning data analysis. For each rainfall pixel in CRR, RoA and 
IMERG-HQ and AWS point, we extracted the minimum cloud-
top temperature within a box centred on the nearest MSG pixel. 
The search box was set to 7 × 7 MSG pixels for CRR and RoA and 
13 × 13 pixels for IMERG-HQ. The larger box sizes were chosen 
partly because RoA accounts for viewing effects, whereas CRR 
does not. For deep convective clouds, we estimate that parallax 
can introduce horizontal displacement errors of 1–2 pixels. Since 
IMERG-HQ has a coarser spatial resolution and therefore rep-
resents a larger footprint, the box size was doubled to maintain a 
comparable spatial context.

3   |   Results

3.1   |   Evaluation of Rainfall Rates 
and Accumulation Distribution

All products exhibit distributions broadly similar to those of the 
gauges, although some biases are evident, with IMERG-HQ and 
CRR tending to overestimate lower rainfall rates and underes-
timate higher rainfall rates and accumulations, whereas RoA 

(1)FY ∣X (y| x) = P(Y ≤ y|X = x),

(2)FY ∣X∈B(y) = P(Y ≤ y|X ∈ B),

(3)Qp(Y |X ∈ B) = F−1
Y ∣X∈B(p),

(4)F̂Y ∣X∈B(y) =
1

nB

∑

i:Xi ∈B

1
(
Yi ≤ y

)
,
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8 of 17 Meteorological Applications, 2026

generally underestimates rainfall across all rainfall intensities 
and accumulations (Figures  2 and 3). IMERG-HQ and CRR 
overestimate at lower rainfall rates, as evidenced by points lying 
above the 1:1 diagonal line (Figure 2). This tendency becomes 
more pronounced with longer aggregation periods and remains 
consistent across these extended timescales. The top row of 
Figure  3 shows that CRR consistently overestimates rainfall, 
as indicated by the highest density of points lying above the 
1:1 line. This overestimation becomes more pronounced as the 
aggregation window increases. Similarly, IMERG-HQ (middle 
row) also tends to overestimate rainfall, though to a lesser extent 
than CRR. Notably, IMERG-HQ's density shifts towards lower 

rainfall intensities, suggesting it has a higher frequency of low 
rain rates.

In contrast, for RoA the points lie below the 1:1 line suggest-
ing underestimation of rainfall rates, particularly during 
shorter aggregation periods (green-coloured points in 2). This 
bias diminishes over longer accumulation periods, with points 
progressively approaching the diagonal and even slightly over-
estimating low rainfall intensities starting from the 2-h aggre-
gation period. A similar behaviour is confirmed in the 2D KDE 
plots (bottom row of 3), points mostly clustering below the di-
agonal, especially at shorter aggregation windows. RoA shows 

FIGURE 2    |    Quantile–Quantile (Q–Q) plots comparing rainfall accumulation (mm) for the AWS gauges (x-axis) with those of IMERG-HQ (blue), 
CRR (red) and RoA (green) for different aggregation periods, that is, 30 min (a), 1h (b), 2 h (c), 4 h (d) and 8 h (e). A logarithmic scale is used to better 
illustrate differences at low rainfall rates.

FIGURE 3    |    Kernel Density Estimation (KDE) plots illustrating the distribution rainfall accumulation (mm) of CRR (red colour), IMERG (blue 
colour) and RoA (green colour) compared to the gauge observations from the AWS. The maximum contours (dotted line) for each of the three grid-
ded datasets are overlaid on the plots for easy comparison. The five aggregation periods used are indicated at the top of each columns. Vertical and 
horizontal lines are equal to 2, 4, 6, 8 and 10 mm for the 30 min, 1, 3, 4 and 8 h aggregation windows.
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9 of 17Meteorological Applications, 2026

clear improvement as the aggregation window increases, with 
the density progressively moving towards the 1:1 line, indicat-
ing better agreement with gauge measurements. Based on the 
dotted lines in Figure 3, we observe that by the 4-h aggregation 
window, RoA provides the closest alignment with the gauge 
observations, reflecting the best overall agreement among the 
three products.

RoA demonstrates the best performance and highest skill in 
detecting rainfall events across all aggregation windows and 
percentile thresholds, followed by IMERG-HQ and CRR per-
forms the least effectively (Figure  4). The performance differ-
ences are substantial, for example, at the 41st percentile and a 
1-h aggregation window, RoA's hit rate exceeds those of CRR 
and IMERG-HQ by nearly 0.5 and 0.1, respectively (Figure 4a). 
Although all products exhibit high false alarm rates (POFA 
> 0.8) at the 30-min aggregation window, RoA consistently re-
cords the lowest POFA across all aggregation windows. CRR 
exhibits the highest POFA at shorter aggregation windows, 
whereas IMERG-HQ records the highest values at longer aggre-
gation windows. Consequently, RoA achieves the highest HSS 
values, exceeding 0.4 at the 4- and 8-h aggregation windows, 
while HSS values for IMERG-HQ and CRR do not surpass 0.4. 
At shorter aggregation windows, CRR has the lowest HSS, fol-
lowed by IMERG-HQ. As the aggregation window increases, 
however, IMERG-HQ becomes the lowest-performing product, 
while CRR shows moderate improvement and RoA continues to 
outperform both products (bottom row of Figure 4). This shift 
is largely attributable to the influence of POFA on HSS, as in-
creasing false alarm rates reduce overall skill scores. Across all 
products, hit rate, POFA and HSS deteriorate with increasing 

rainfall percentile, indicating greater difficulty in detecting 
more extreme rainfall events. Conversely, increasing the aggre-
gation window improves all three metrics, likely because longer 
accumulation periods reduce temporal mismatches between 
satellite-based estimates and gauge observations (e.g., a 30-min 
timing offset is effectively absorbed within hourly or longer ag-
gregations). Because the percentile thresholds are calculated 
independently for each SRE, differences in hit rate, POFA and 
HSS among the products are expected. CRR exhibits higher 
percentile values and relative to gauge observations, shows a 
systematic positive bias across all percentiles and aggregation 
windows, whereas IMERG-HQ and RoA generally exhibit nega-
tive biases (Figure A1).

Spatial scale influences the skill of the satellite-based precipi-
tation products. All products achieve their highest Heidke Skill 
Score (HSS) at the smallest spatial scale (10 km), while the low-
est HSS values occur at the largest scale (80 km; bottom row of 
Figure 5). This decline is primarily driven by the Probability of 
False Alarm (POFA), which increases with spatial scale despite 
improvements in hit rate. For CRR, the hit rate increases steadily 
with spatial scale, indicating progressively better agreement 
with gauge observations as the spatial domain expands, presum-
ably as spatial mismatches are reduced. In contrast, both RoA 
and IMERG-HQ achieve higher hit rates than CRR across all 
spatial scales, with RoA consistently performing best. However, 
for these two products, the hit rate improves only up to a spatial 
scale of approximately 40 km, beyond which it reaches a plateau. 
As expected, POFA values (second row) generally increase with 
spatial scale for all products, reflecting the greater likelihood 
of detecting rainfall somewhere within a larger area that does 

FIGURE 4    |    Comparison of hit rates (a–e), POFA (f–j) and HSS (k–o) for CRR, IMERG-HQ and RoA against gauge observations over Zambia, 
across varying rainfall-accumulation percentile thresholds and accumulation periods. The percentiles are computed independently for AWS, CRR, 
IMERG-HQ and RoA and considering only values greater than 0.2 mm/h. This implies that the rain rate thresholds used to compute the metrics for 
the AWS and satellite-based products are not necessarily identical. This approach is adopted to mitigate the influence of systematic dry or wet biases 
among the datasets.
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10 of 17 Meteorological Applications, 2026

not coincide with rainfall at the gauge location. For CRR, how-
ever, the degradation in POFA is partially compensated by its 
continuously increasing hit rate. Consequently, although CRR 
performs less well at smaller spatial scales and low aggregation 
windows, it achieves the highest HSS among the products at the 
largest spatial domains.

Results in Figure  6 further support the earlier findings: RoA 
consistently outperforms both IMERG-HQ and CRR across ac-
cumulation periods ranging from 30 min to 8 h in discriminat-
ing between rain and no-rain events. Its ROC curves lie closest 
to the top-left corner, indicating higher true positive rates at 
lower false positive rates. In contrast, CRR, which also relies on 

IR brightness temperatures to infer rainfall, performs less effec-
tively, particularly at shorter accumulation periods, owing to its 
higher false alarm rate and lower sensitivity to short-duration 
rainfall events. IMERG-HQ, leveraging passive microwave ob-
servations, shows intermediate performance, benefiting from its 
physical basis. The overall trend of improved detection with lon-
ger accumulation periods indicates the benefit of temporal inte-
gration in reducing uncertainties and enhancing rain detection. 
This analysis not only confirms the better performance of the 
RoA retrieval, likely due to its training against GPM microwave 
data, but also highlights the trade-offs in each method, empha-
sising the need for careful product selection in operational fore-
casting and hydrological modelling.

FIGURE 5    |    Comparison of hit rates (a–e), POFA (f–j) and HSS (k–o) for CRR, IMERG-HQ and RoA against gauge observations over Zambia, 
across various rainfall intensity thresholds and accumulation periods and increasing spatial sizes.

FIGURE 6    |    Receiver Operating Characteristic (ROC) curves for CRR, IMERG-HQ and RoA, evaluated across multiple rainfall accumulation 
periods; 30 min (a), 1 h (b), 2 h (c), 4 h (d) and 8 h (e). The curves are generated by plotting the true positive rate (TPR) against the false positive rate 
(FPR) for varying decision thresholds. The dashed black 1:1 diagonal represents the performance of a random classifier. Curves lying above the di-
agonal are preferred as they indicate skillful discrimination.
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11 of 17Meteorological Applications, 2026

3.2   |   Inferring Rainfall Rates on the Ground Based 
SRE Distribution

The distributions of gauge rainfall conditioned on RoA rainfall 
ranges (i.e., 1–4, 3–6, 5–8 and 7–10 mm/h) differ considerably, 
with the largest discrepancies occurring at the higher rainfall 
ranges (Figure 7a–d). For each RoA rainfall threshold, the gauge 
observations consistently exhibit peak values shifted to the left 
of the corresponding RoA distributions, indicating generally 
lower recorded rainfall amounts. For the lower RoA ranges (1–4 
and 3–6 mm/h), the gauge distributions are strongly weighted 
towards low rainfall values, despite the corresponding RoA 
estimates indicating moderate rainfall intensities. As the RoA 
rainfall range increases, the divergence between the two distri-
butions becomes more pronounced. In the 7–10 mm/h category 
(Figure 7d), gauge observations span a very wide range of rain-
fall intensities, extending from near-zero values to more than 
35 mm/h, while the RoA estimates remain comparatively con-
centrated. This demonstrates that high RoA rainfall intensities 
can correspond to substantially different ground-observed rain-
fall amounts. Another notable feature is the increasing spread 
and variability of gauge rainfall at higher RoA ranges, suggest-
ing growing uncertainty in the relationship between satellite-
derived and ground-observed rainfall for intense events. 
However, we also note that at the higher rainfall categories 
contain fewer samples, reflecting the rarity of extreme rainfall 
events at the 30-min aggregation scale and the limited temporal 
coverage of the available observations.

Figure  7e summarises the expected gauge rainfall associated 
with different RoA rainfall ranges using conditional percen-
tiles of the gauge distributions. As the RoA rainfall intensity 
increases, the expected rainfall recorded by the gauges also 
increases across all percentiles. However, the spread between 
percentiles becomes progressively larger at higher RoA ranges, 
indicating increasing variability and uncertainty in the corre-
sponding ground-observed rainfall amounts. For lower RoA 

intensities (1–4 mm/h), the gauge rainfall distribution remains 
relatively compact, with most percentiles clustered within a nar-
rower range. In contrast, for higher RoA intensities (7–10 mm/h), 
the gauge rainfall estimates span a much broader range, reflect-
ing the substantial variability observed in the conditional dis-
tributions shown in Figure 7d. For example, while the median 
expected gauge rainfall remains comparatively moderate, the 
upper percentiles increase sharply, suggesting that high RoA 
values can be associated with both moderate and very intense 
local rainfall events.

3.3   |   Comparison of CRR, IMERG and RoA 
and Gauge Rainfall Rates Against Lightning 
and Cloud-Top Temperature

The probability of lightning occurrence generally increases with 
rainfall intensity, although notable differences exist among the 
products, with CRR exhibiting no clear relationship between 
rainfall intensity and lightning occurrence (Figure  8a). RoA 
and IMERG-HQ show a strong positive relationship between 
rainfall intensity and lightning probability, with probabilities 
exceeding 0.6 for rainfall rates above approximately 20 mm hr−1, 
after which the relationship begins to level off. The oscilla-
tions at higher rainfall rates for both products are likely due 
to the small number of events at these intensities, particularly 
for IMERG-HQ. In contrast, CRR shows almost no correspon-
dence with lightning occurrence across all rainfall rates, with 
probabilities remaining close to zero (approximately 0.15 even 
at the highest rainfall rates; red line in Figure 8a). The lack of 
correspondence between CRR and lightning probability, even at 
higher rainfall rates (> 10 mm hr−1), is concerning, particularly 
given that CRR is one of the primary nowcasting resources used 
in the region.

As expected, the rainfall distributions conditioned on cloud-top 
temperature show that the largest contribution to total rainfall 

FIGURE 7    |    Probability density functions of the gauge and RoA rainfall intensities for different RoA rain rate classes (a–d), computed using fixed 
2 mm/h histogram bins over the range 0–51 mm/h, with overlaid kernel density estimates. The right-hand panel (e) shows the corresponding gauge-
expected rainfall intensity percentiles (25th–99th) as a function of RoA rain rate class. Only coincident rainfall events are considered.
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12 of 17 Meteorological Applications, 2026

generally originates from the coldest cloud-top temperature 
ranges, although CRR exhibits a distinctly different distribution 
from the other two products (Figure 8b–e). RoA and IMERG-HQ 
retrieve rainfall across a broad range of cloud-top temperatures, 
including relatively warm cloud tops (> −30°C), although colder 
cloud tops contribute increasingly at higher rainfall intensities. 
In contrast, CRR retrieves little to no rainfall from cloud tops 
warmer than −30°C and is strongly dominated by colder cloud-
top classes, particularly below −60°C. Gauge observations, how-
ever, show substantial rainfall contributions across all cloud-top 
temperature ranges, including warmer cloud tops, with flatter 
and more gradually decaying rainfall distributions than those 
of the satellite products (Figure 8e). However, caution should be 
exercised when visually comparing the gauge distributions with 
those of the SREs because the gauge panel uses a different y-axis 
scale. Overall, the gauge observations indicate greater rainfall 

variability than any of the SRE products, particularly at higher 
rainfall intensities.

4   |   Discussion

4.1   |   Distribution the Rain Rate and Accumulation

In agreement with Hill et al.  (2020), all satellite-based prod-
ucts demonstrate useful skill in reproducing rainfall distri-
butions similar to those derived from gauge data, however, 
systematic biases remain. CRR and IMERG-HQ tend to over-
estimate low-to-medium rainfall rates while underestimating 
higher intensities. In contrast, RoA generally underestimates 
rainfall across all intensity ranges and aggregation periods 
considered. Biases in satellite-based products in the region 
have been shown by past studies (e.g., Cattani et al. 2021; de 
Waal et al. 2025). Some of the products, rely on infra-red im-
agery based on cloud-top temperatures and hence, are prone 
to reporting rain for cold non-precipitating clouds like cirrus, 
leading to high POFA values, hence, overestimation rain-
fall and lowering the skill of the products. Hill et  al.  (2020) 
showed that although both IMERG and CRR detect rainfall 
more frequently at night, CRR displays distinct day-night 
rain rate distributions, with higher rain rates detected more 
often during the day due to the use of the 0.6 μm channel. 
Algorithms based primarily on cloud-top temperature cannot 
capture the full vertical structure of precipitating clouds and 
therefore miss important microphysical and dynamical infor-
mation. As demonstrated for CRR in Section 3.3, such IR-only 
approaches show limited sensitivity and struggle to detect 
rainfall associated with moderately deep or complex convec-
tive systems. Biases also arise from missed events, particu-
larly during warm-rainfall conditions. All products, especially 
CRR, are susceptible to missing warm-rain events because 
IR algorithms typically depend on cold-cloud thresholds to 
infer precipitation. As shown earlier, CRR does not detect any 
rainfall from cloud-top temperatures warmer than −30°C. 
Although warm-rain events are not usually as hazardous as 
severe convective thunderstorms, they can still generate im-
pactful flash floods, especially when synoptic conditions lead 
to rainfall over many hours or where the ground is already 
saturated. The latter case was evident in the WISER EWSA 
Testbed 1 in Lusaka, where warm-rain episodes contributed to 
flooding in urban areas with inadequate drainage infrastruc-
ture (Ageet et al. 2024). The underestimation observed in RoA 
may be linked to its probabilistic algorithm design. Instead of 
applying fixed cold-cloud thresholds, RoA estimates a range 
of possible rainfall outcomes and assigns a high probability of 
zero rainfall when satellite signals are ambiguous, reducing 
final rainfall estimates (Amell et  al.  2025). This smoothing 
approach can weaken extreme rainfall signals, resulting in 
high precipitation detection rates but lower gauge-measured 
accumulations.

Finally, the improved performance at longer rainfall accu-
mulation periods is encouraging, as it benefits applications 
focused on cumulative rainfall amounts rather than precise 
event timing. Longer accumulation intervals are expected to 
reduce temporal mismatches between satellite estimates and 
gauge observations, which have been identified as a source 

FIGURE 8    |    Evaluation of satellite-based products against MTG 
lightning observations (a) and cloud-top temperature fields (b–d). (e) is 
a comparison of rain rates measured by gauges against cloud-top tem-
perature. For the lightning comparison, the probability of lightning 
occurrence is shown as a function of SREs rain rates. Rain rates are 
grouped into 1 mm/h bins and lightning occurrence is evaluated within 
specified nearest-neighbour pixels. For the cloud-top analysis, the min-
imum cloud-top temperature within a defined neighbourhood around 
each nearest pixel is extracted. Each line represents the fractional con-
tribution to total rainfall for each 10°C cloud-top temperature bin and 
1 mm/h rainfall bin.
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of uncertainty in previous comparisons (e.g., Li et  al.  2023; 
Mekonnen et  al.  2021), particularly for products with short 
sampling intervals (e.g., 15 min). This is consistent with our 
results, as longer accumulation periods generally produce 
rainfall distributions that more closely resemble those derived 
from gauge observations.

4.2   |   Ability of the SREs to Capture Extreme 
Rainfall

An important result of this study is that all three satellite-based 
products show limitations in retrieving extreme rainfall events, 
that are often the most hazardous. This under-detection of ex-
tremes has been documented in previous validation studies in 
the region (e.g., Ageet et al. 2022; de Waal et al. 2025) and can be 
attributed to several factors. First, IR-based products are unable 
to reliably detect the coldest cloud-top temperatures associated 
with the deepest convective cores (Maggioni et  al.  2016). As 
shown for CRR, the proportion of rainfall retrieved from cloud 
tops colder than −60°C is only about half of that retrieved by 
IMERG-HQ, which exclusively makes use of microwave sig-
nals or RoA, which more effectively leverages its microwave-
informed training. Secondly, extreme rainfall often originates 
from localised convective bursts with steep vertical gradients 
in hydrometeors (Minjarez-Sosa and Waissman  2017). These 
structures are difficult to resolve with the current spatiotempo-
ral sampling of satellite sensors, particularly passive microwave 
instruments aboard sun-synchronous satellites, which provide 
only a limited number of overpasses per day. We also acknowl-
edge that our point-to-pixel comparison may influence the re-
sults; satellite products are gridded and inherently smoothed 
(Risser et al. 2019), while point rain gauges can capture sharp, 
short-lived peaks characteristic of extreme events. Together, 
these factors contribute to the systematic under-detection of the 
most intense rainfall and underscore the need for region-specific 
calibration, higher-resolution retrievals and stronger integration 
of lightning and radar observations in future products.

4.3   |   Comparative Performance of SRE Products 
for Nowcasting in the Region

Another key result of our study is that the new IR-only and 
ML-based product, RoA, mostly outperforms not only the 
near-real-time CRR, but also the post-processed and optimised 
IMERG-HQ, which makes use of microwave data to optimise 
its retrievals. RoA showed consistently strong performance 
across all validation metrics: RoA provided the highest event de-
tection rates across all percentile thresholds and, together with 
IMERG-HQ, demonstrated greater sensitivity to a wider range 
of cloud-top temperatures and correlation to lightning data, in-
dicating a more robust ability to capture diverse precipitating 
systems. Given that RoA is a fast ML algorithm, it therefore of-
fers a substantially improved input for nowcasting applications. 
We attribute the superior performance of RoA to three primary 
factors: (a) RoA is trained using GPM-based radar and micro-
wave observations, which also underpin the strong performance 
of IMERG-HQ, (b) the application of machine-learning tech-
niques reduces systematic errors and optimises physical consis-
tency and (c) RoA derives rainfall from inputs of multi-channel 

data over two-dimensional maps, meaning that the spatial 
structure of rainfall systems contributes to the computation of 
pointwise rainfall. In contrast, IMERG-HQ only uses local-pixel 
information to estimate the rainfall at that point. Similar results, 
in which ML-based SRE products outperform more traditional 
retrieval algorithms, have also been reported by (Brempong 
et al. 2025; Wang et al. 2026).

In this comparison, CRR demonstrated useful skill for nowcasting 
but performed less successfully than the other products. The CRR 
algorithm was originally calibrated using European radar net-
works and was specifically designed to exclude warm stratiform 
rainfall (Hernanz and Lahuerta 2019). Applying CRR to African 
climatic systems therefore represents an extrapolation beyond the 
conditions for which the algorithm was originally developed and 
calibrated. The weaker correlation of CRR with lightning activ-
ity, its comparatively large biases and its pronounced difficulty in 
detecting warm-rain events collectively suggest that the existing 
calibration of CRR is less well suited to the convective regimes 
typical of southern Africa than RoA, but we acknowledge that fu-
ture recalibration of CRR with African radars may significantly 
improve its performance. Furthermore, CRR will soon be updated 
to use MTG data inputs, which should enhance its skill. Overall, 
our results underscore the need for regional calibration, as cloud 
and precipitation characteristics differ markedly across the globe 
and retrieval algorithms must be adapted accordingly to support 
effective early warning and nowcasting systems.

4.4   |   Capability of SREs to Represent 
Ground-Based Rainfall Rates

The conditional rainfall distributions and percentile relationships 
demonstrate that, despite systematic biases, RoA retains mean-
ingful information about the relative intensity and variability of 
rainfall events. Similar biases in satellite rainfall estimates (SREs), 
particularly for extreme rainfall events, have previously been re-
ported across parts of tropical Africa (e.g., Ageet et  al.  2022; de 
Waal et  al.  2025). Although RoA is generally capable of distin-
guishing between lower- and higher-intensity rainfall regimes, 
the relationship between satellite-derived and gauge-observed 
rainfall becomes increasingly uncertain at higher rainfall in-
tensities. This is reflected in the broader spread of gauge rainfall 
distributions and the increasing separation between percentile 
estimates for higher RoA ranges. The results further show that a 
single RoA rainfall range can correspond to a wide spectrum of 
ground-observed rainfall amounts, particularly for extreme events 
Figure 7a–d. These discrepancies likely arise from a combination 
of retrieval uncertainties, spatial-scale mismatches between satel-
lite pixels and point-based gauge observations and the high spatial 
variability of convective rainfall. In addition, gridded precipitation 
products are known to smooth localised rainfall extremes, thereby 
reducing their ability to fully capture the magnitude and variabil-
ity of intense rainfall events (Risser et al. 2019).

Consequently, deterministic interpretations of SRE rainfall mag-
nitudes may be inappropriate for extreme rainfall applications. 
Instead, the results presented in Figure 7e support the use of prob-
abilistic or distribution-based frameworks to translate SRE esti-
mates into expected ground rainfall conditions. Such approaches 
may provide a more realistic characterisation of uncertainty for 
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hydrological modelling, flood forecasting and early warning sys-
tems. However, the robustness of the higher-intensity relationships 
remains limited by the relatively small sample sizes associated 
with extreme rainfall events, owing both to the rarity of intense 
rainfall at the 30-min timescale and to the limited observational 
record available in this study. Extending the temporal record and 
increasing gauge network density would therefore help improve 
confidence in the estimated conditional rainfall relationships.

4.5   |   Comparison Against Precipitation Proxies: 
Lightning and Cloud-Top Temperature Data

The relationships between rainfall intensity, lightning occurrence 
and cloud-top temperature shown in Figure 8 provide insight into 
how the different satellite rainfall products represent convective 
rainfall processes, since lightning activity is commonly associ-
ated with deep convective systems and intense precipitation (e.g., 
Minjarez-Sosa and Waissman  2017). The increasing probabil-
ity of lightning occurrence with rainfall intensity for RoA and 
IMERG-HQ contrasts with CRR, which shows almost no corre-
spondence between rainfall intensity and lightning activity.

The cloud-top temperature analysis further highlights import-
ant differences in retrieval behaviour between the products. 
RoA and IMERG-HQ retrieve rainfall across a broad range of 
cloud-top temperatures, including relatively warm cloud tops, 
whereas CRR retrieves little to no rainfall from cloud tops 
warmer than −30°C. This behaviour is largely consistent with 
the design of the CRR algorithm, in which warm stratiform 
clouds are suppressed (Hernanz and Lahuerta 2019). However, 
substantial rainfall can also occur from warmer cloud tops, 
particularly in tropical environments where warm-rain pro-
cesses and shallow convection contribute significantly to 
precipitation, as observed during the WISER-EWSA Testbed 
I (Ageet et al. 2024). The gauge observations in Figure 8e sup-
port this, showing rainfall contributions across all cloud-top 
temperature classes, including warmer clouds. The flatter and 
more gradually decaying rainfall distributions in the gauge 
observations further suggest that surface rainfall variability is 
considerably larger than represented by the satellite products. 
Similar behaviour has been documented in previous evalua-
tions of satellite rainfall estimates (SREs) and, besides algo-
rithm flaws, has been attributed to spatial averaging within 
satellite pixels tending to smooth localised rainfall extremes 
and reduce rainfall variability relative to point-based gauge 
observations (Risser et al. 2019). Additional discrepancies may 
also arise from scale mismatches between gridded satellite 
products and point-based gauges, which are particularly im-
portant for convective rainfall at sub-daily timescales where 
rainfall variability is highly localised (Maggioni et al. 2016).

5   |   Conclusions

During the WISER EWSA nowcasting testbeds, substantial 
positive feedback was received, highlighting the value of 
nowcasting services in southern Africa. However, this feed-
back needed to be complemented by a systematic, objective 
evaluation of the issued products to ensure that decisions are 
supported by accurate and reliable information. This study 

therefore evaluated the quality of a widely used nowcasting 
product, CRR, using in  situ observations from a network of 
Automatic Weather Stations (AWS) in Zambia. In addition, 
two satellite rainfall estimates, the microwave-only product 
of IMERG and RoA, a newly developed ML-based dataset, are 
assessed to determine whether they offer a more reliable start-
ing point for nowcasting applications than CRR. In particular, 
RoA is a product that can be computed and released in near 
real time and therefore offers a possible future operational 
nowcasting function.

In summary, we find that:

•	 Although CRR, IMERG-HQ and RoA demonstrate useful 
skill in reproducing rain-rate and rainfall-accumulation 
distributions similar to those observed by the gauges, all 
products exhibit systematic biases. In general, CRR and 
IMERG-HQ tend to overestimate rainfall at lower intensi-
ties or accumulations and underestimate it at moderate to 
high rain rates or accumulations. In contrast, RoA gener-
ally underestimates rainfall across all aggregation periods 
considered.

•	 Worryingly, all three satellite-based products show lim-
itations in retrieving extreme rainfall events and exhibit 
substantially lower variability than the gauge observations, 
despite these events often being the most hazardous.

•	 Overall we find that the new IR-only and ML-based 
product, RoA, mostly outperforms not only the near-
real-time CRR but also the post-processed and optimised 
IMERG-HQ, which makes use of microwave data to opti-
mise its retrievals.

•	 Despite their biases, SREs still provide useful information 
that can be leveraged to estimate probabilistic (percentile-
based) rainfall at the ground level, as demonstrated for 
RoA. Given these biases, this approach is akin to post-
processing or downscaling of rainfall estimates, provid-
ing valuable information for applications such as early 
warning systems.

•	 IMERG-HQ and RoA retrieve rainfall across a broader 
range of cloud-top temperatures, spanning from warmer 
than −30°C to colder than −60°C. In contrast, CRR oper-
ates over a more limited temperature range and is unable 
to retrieve rainfall from clouds warmer than −30°C (partly 
by the algorithm design), which are often associated with 
intense rainfall events, particularly in tropical Africa.

Nowcasting represents a major opportunity for African 
weather services to provide the timely and high-quality short-
range forecasts, up to 6 h ahead, that are urgently needed by 
vulnerable communities. The WISER EWSA project demon-
strated both the demand for such information across Southern 
Africa and its alignment with the United Nations Early 
Warnings for All (EW4All) initiative. While nowcasts already 
outperform the classical daily forecasts typically issued by 
many NMHSs, especially in terms of spatio-temporal preci-
sion, our results underline the importance of continued vali-
dation and calibration to ensure their reliability in operational 
settings. Advances in technology, particularly in machine 
learning, highlight the need for continued reassessment and 
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improvement of rainfall estimation and nowcasting products. 
Future developments using ML algorithms trained to exploit 
new-generation satellite observations, including MTG obser-
vations, offer further opportunities to enhance performance. 
Continued evaluation through regional initiatives such as the 
WISER EWSA testbeds will be essential for refining these ca-
pabilities, demonstrating operational value and building con-
fidence among national meteorological services.
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