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Abstract. The recognized importance of soil moisture (SM) in land-atmosphere interactions has driven efforts to develop higher

resolution datasets that better capture such interactions. In this study, ESA Climate Change Initiative MEDIUM RESOLUTION

SM (0.1◦) and the retrievals from contributing sensors are evaluated over Africa. Daytime land surface temperature (LST) from

thermal infrared imagery can identify spatial variability in SM and is used here for evaluation of 0.1◦ (and reference coarse

0.25◦) SM products. Among the different passive (AMSR2, SMAP and SMOS), active (ASCAT), MEDIUM RESOLUTION5

(merged), and reanalysis (ERA5) SM products evaluated, ASCAT was best at capturing spatial variability at 0.1◦ (and for most

surface conditions at 0.25◦). The MEDIUM RESOLUTION 0.1◦ dataset is dominated by passive sensors and shows poorer

spatial correlation than ASCAT SM. ERA5-Land SM showed almost no skill in capturing mesoscale spatial patterns, and

ERA5 (which benefits from ASCAT SM data assimilation) also performed comparatively poorly. We discuss two applications

of medium resolution SM using the best performing SM dataset. We use 0.1◦ ASCAT SM to rank different precipitation datasets10

in their ability to capture medium resolution accumulated rainfall patterns (∼12 hrs). Rain-over-Africa (a deep learning-based

dataset) that solely relies on thermal infrared radiation clearly outperforms more established products. ERA5 precipitation

shows poor skill, which largely explains the poor ERA5 SM estimates. A second application explores the preliminary use of

SM in nowcasting convective storms (cores) in western Africa. We find that adding 0.1◦ ASCAT SM to the baseline nowcasting

model (which uses thermal infrared brightness temperatures only) improved the prediction accuracy of the nowcasts at lead15

time of 4 hrs. Results show that adding SM resulted in an increase in predicted probability values for true events, particularly

across regions of dry SM anomalies and high spatial gradients in SM climatology. These results highlight the potential of better

prediction of rainfall through incorporation of medium resolution SM, while further work is needed to leverage the advantages

of multiple sensors in creating a 0.1◦ SM dataset for applications that require high temporal resolution information.
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1 Introduction20

Soil moisture (SM) is an important geophysical state that represents the water content of unsaturated soil zone and is critical

in estimating the water and energy budget of terrestrial land (Schmugge et al., 1980). It is represented as a storage quantity in

volumetric units or wetness levels against a reference (Ochsner et al., 2013). It has become increasingly important in climate

analysis as it represents changes in land surface conditions, in particular, changes in the terrestrial water budget as pertains to

soil physics (Seneviratne et al., 2010; Berg and Sheffield, 2018). Transfer of moisture to the atmosphere via evapotranspiration25

(ET) from soil accounts for the return of up to 60% of terrestrial precipitation to the atmosphere (Oki and Kanae, 2006). The

SM and ET coupling is important in monitoring the acceleration of the global hydrological cycle due to the warming climate.

The relationship between SM and climate is rendered complex by the multitude of physical processes that operate at different

spatial and temporal scales (Seneviratne et al., 2010).

Via its influence on the partitioning of radiation into surface fluxes of sensible (H) and latent heat (LE), SM also plays an30

important role in atmospheric processes. By suppressing H, plentiful SM limits the daytime warming and deepening of the

Planetary Boundary Layer (PBL). Extreme high temperatures are therefore strongly associated with SM deficits (Domeisen

et al., 2023). SM also influences rainfall, though the linkages are more complex (Seneviratne et al., 2010). There is a growing

body of evidence that spatial gradients in SM on scales ∼10-40 km play an important role in the convective life cycle (Taylor

et al., 2011, 2026) via the generation of daytime mesoscale circulations analogous to sea breezes (Ookouchi et al., 1984;35

Segal and Arritt, 1992). In semi-arid regions, where each convective storm creates a new mesoscale SM pattern, this feedback

provides a potentially important source of local predictability for the next convective event (Taylor et al., 2026).

The effective spatial and temporal resolution of SM datasets controls their suitability for specific applications (Brocca et al.,

2024). The spatial resolution of a dataset impacts the scale of hydrologic processes captured by SM variations (Corradini,

2014). Statistical analysis by Western and Blöschl (1999) show that spatial variability in observed SM is subject to biases40

that are related to the ratio of the scale of measurement versus natural variability. Satellite-based SM datasets have a specific

measurement scale depending on the satellite orbital configurations and instrument frequency, as well as the retrieval methodology

(Stradiotti et al., 2026). Hence, the spatial variability in SM captured by satellite based datasets could be biased in comparison

to spatial variability inherent in natural SM. Western and Blöschl (1999) outlined the computation of such biases using

geostatistical techniques that are useful for spatial downscaling or upscaling of datasets.45

Satellite-based observations help in capturing global SM variations across space and time. Passive microwave based sensors

such as Soil Moisture and Ocean Salinity (SMOS), Advanced Microwave Scanning Radiometer for EOS (AMSR-E, AMSR2),

and Soil Moisture Active Passive (SMAP) estimate SM by measuring the microwave radiation emitted by land surface (Njoku

2

https://doi.org/10.5194/egusphere-2026-4687
Preprint. Discussion started: 8 September 2026
c© Author(s) 2026. CC BY 4.0 License.



et al., 2003; Kerr et al., 2012; Entekhabi et al., 2010; Yao et al., 2021). The emissivity (and temperature) of a surface controls the

magnitude of microwave emitted naturally, whereas the moisture content of the soil changes the surface emissivity (Jackson,50

1993). Retrieval algorithms model the SM by using the measured brightness temperature, which is a product of the land

surface temperature and emissivity of a surface (Rayleigh-Jeans approximation) (Entekhabi et al., 2010). Vegetation also

contributes to the observed brightness temperature such that the contribution is relatively higher for densely vegetated areas-

leading to lowered accuracy of SM retrievals (Calvet et al., 2010). SM datasets retrieved from passive microwave satellites

have coarse spatial resolutions between 25 to 50 km. Thus, physical processes that can be effectively captured by coarse SM55

datasets are dependent on the spatial scale of the observations. Fine-scaled processes are likely to be smoothed out in spatially

aggregated observations. However, all-weather observations are collected all day since the atmosphere has high transmissivity

for microwave radiation in lower frequencies, such as L- and C-band (Entekhabi et al., 2010).

SM datasets retrieved from satellite-borne active microwave sensors leverage the link between soil dielectric constant and

radar backscatter observed by the instrument (usually in C-band with frequency between 4 to 8 GHz) (Dobson and Ulaby,60

2007; De Jeu et al., 2014). Surface roughness and vegetation also affect the reflected signal (backscatter), thus the retrieval

accuracy is significantly reduced for densely vegetated areas. For the same incidence angle, the backscatter coefficient will

be higher for wet soils as compared to dry soils (Wagner et al., 1999). The spatial resolution of active microwave-based SM

datasets ranges from less than 1km for synthetic aperture radar (SAR) (Bauer-Marschallinger et al., 2018) to around 6.25-25km

for a scatterometer (Wagner et al., 2013; Hahn et al., 2026). Sentinel SAR instruments provide very high resolution backscatter65

observations and have considerable potential for hydrologic hazard mapping (Paloscia et al., 2013; Krullikowski et al., 2023).

However, the sensors have a high revisit time (6 day repeat cycle), thus limiting its utility for atmospheric processes which

require sub-daily information. The recently updated processing of ASCAT scatterometer-based SM (Hahn et al., 2026) resolves

spatial features on scales ∼15km with typically daily observations available, highlighting its enhanced utility in capturing land-

atmosphere interactions.70

In this study, we focus on the European Space Agency Climate Change Initiative (ESA CCI) soil moisture product (henceforth

ESA CCI SM) v9.2 (Dorigo et al., 2017; Gruber et al., 2019; Preimesberger et al., 2021). ESA CCI SM provides daily gridded

surface SM maps for the period 1978–2024 based on data from a number of active and passive microwave sensors. SM retrievals

for all passive sensors are performed using the Land Parameter Retrieval Model [LPRM; Owe et al. (2001, 2008)]. For active

sensors, the retrieval methodology is based on scaled backscatter measurements for dry versus wet maxima (H SAF, 2024).75

These retrievals are then merged into an ACTIVE product, which contains data from all active sensors (scatterometers), a

PASSIVE product containing data from all passive sensors (radiometers), and a combined MEDIUM RESOLUTION product
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based on data from all scatterometers and radiometers. ESA CCI SM has been widely used to study trends and variability in

SM (e.g. Wang et al., 2018; Peng et al., 2023; Hirschi et al., 2025) in addition to its links to other aspects of the climate system,

such as heatwaves (Hirschi et al., 2010; Schumacher et al., 2019) and crop yields (Champagne et al., 2019; Zhou et al., 2020).80

While previous versions of ESA CCI SM have provided SM at 0.25◦ resolution, v9.2 introduces for the first time a medium-

resolution (0.1◦ gridded) product, described in Section 2.1. Here we compare results from the 0.1◦ and 0.25◦ gridded products,

evaluating both the combined product and the retrievals from individual sensors that contribute to it across sub-Saharan Africa.

On global scales, ESA CCI SM data generally shows well-known climatic precipitation patterns. Due to the multi-decadal

nature of the ESA CCI SM products, the climatologies of the resulting product reflect its underlying scaling reference, which85

is Global Land Data Assimilation System (GLDAS-NOAH) for the COMBINED dataset. Among the available datasets within

the ESA CCI SM catalog, the COMBINED product has the highest coverage, courtesy of the synergy of both active and passive

data (Gruber et al., 2019). A drawback, however, is the spatial resolution of 0.25◦, which hinders the evaluation of mesoscale

land-atmosphere coupling processes (Taylor et al., 2011). To account for this discrepancy, and to better represent coastal areas,

the MEDIUM RESOLUTION product was developed, providing SM at 0.1◦.90

In this paper, we evaluate the spatial information captured by SM retrieved from the individual sensors as well as the

combined dataset by comparing with a high resolution land surface temperature dataset. Based on the evaluation results we

further discuss two applications of the best performing 0.1◦ SM dataset. The first application (section 4) evaluates the ability

of different rainfall products to capture medium resolution patterns in accumulated rainfall between SM sensor overpasses.

The evaluation of rainfall products directly relates changes in 0.1◦ SM to accumulated rainfall. In the second application, we95

discuss a case study analysing the utility of adding medium resolution SM to a deep learning-based nowcasting model for

predicting deep convective. Nowcasting is commonly defined as forecasting at short range time scales (usually 0 to 6 hrs)

with local detail. Here we look at nowcasting convective storms as represented by convective core data. Klein and Taylor

(2020) observed the intensification of mesoscale convective systems due to dry soil conditions in western Africa. Land surface

conditions such as SM and land surface temperature can potentially inform convective initiation in arid regions (Taylor et al.,100

2022). The relationship between antecedent SM and deep convection (which could result in extreme rainfall) is exploited here

for nowcasting convective storms.
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Sensor Approx. native resolution Sampling resolution
ASCAT 10 km (along beam) x 25 km (across beam) 12.5 km
AMSR2 35 km (along beam) x 62 km (across beam) 25 km
SMOS 35 km at centre of field of view 9 km
SMAP 40 km 9 km

Table 1. Sensor resolutions of SM products.

2 Methods

2.1 SM products

The SM observations used throughout the study were retrieved within the production of the ESA CCI MEDIUM RESOLUTION105

SM product (D.Kovács et al., 2025). The MEDIUM RESOLUTION (MR) product features merged SM observations from

active and passive sensors at a 0.1◦ x 0.1◦ resolution. The production of the MEDIUM RESOLUTION product follows the

same methodology as the main CCI product (Dorigo et al., 2024), however with adaptations to enable processing at an increased

spatial resolution. The increased resolution results from a nearest-neighbour (over)sampling of passive radiometer brightness

temperatures swaths, whereas for active sensors, a Hamming window approach was used to resample SM observations to a110

fixed 0.1◦ grid. The resolution and sampling grid size of each sensor is included in Table 1. For comparison, 0.25◦ resolution

versions of the SM products are also included in the analysis.

SM from passive microwave radiometers was retrieved by using the oversampled brightness temperatures in the Land

Parameter Retrieval Model (LPRM). LPRM is a forward model based on the omega-tau radiative transfer scheme, optimizing

for SM and vegetation optical depth (VOD) at the same time, using the Microwave Polarisation Difference Index (MPDI) (Mo115

et al., 1982; Owe et al., 2001; Meesters et al., 2005). A key importance of LPRM is its independency of ancillary data, as well

as its global applicability over multiple microwave frequencies. LPRM optimizes SM for a simulated brightness temperature,

resulting from the surface dielectric properties, VOD and thermodynamic temperature. The latter is obtained via a separate

algorithm, using Ka-band vertical polarization signal (Holmes et al., 2009). In this study, single-sensor L-band observations

from SMAP and SMOS, and C-band observations from AMSR2 were evaluated (in addition to the MEDIUM RESOLUTION120

product). SM data from active ASCAT scatterometers were retrieved by the TU Wien change detection approach as also used

by the EUMETSAT Satellite Application Facility on Support to Operational Hydrology and Water Management (H-SAF) (H

SAF, 2022, 2024). Since the reflected C-band signal from ASCAT is highly affected by SM, the retrieval methodology relies

on the scaling of azimuthally corrected backscatter measurements between dry-wet maximas.

5

https://doi.org/10.5194/egusphere-2026-4687
Preprint. Discussion started: 8 September 2026
c© Author(s) 2026. CC BY 4.0 License.



In this study, we also evaluate SM datasets generated as part of the fifth generation of European ReAnalaysis (ERA5;125

Hersbach et al. (2023)) and the associated ERA5-Land dataset (Muñoz Sabater, 2019) by the European Centre for Medium-

Range Weather Forecasts (ECMWF). In ERA5, active microwave data from ASCAT and its fore-runners ERS-1 and 2 are

assimilated into the 4-layer Integrated Forecasting System (IFS) Cy41r2 model alongside screen-level temperature and humidity

observations (Hersbach et al., 2020). Available at 0.25◦ resolution hourly, it has been extensively used in climate data analysis.

The ERA5-Land dataset (Muñoz Sabater, 2019) has been created in response to the need for a consistent, global higher130

resolution analysis of land surface states and fluxes. The high spatio-temporal resolution of the product is very attractive

for users, even if evaluation of this aspect is limited. Importantly, it is produced by an offline version of the HTESSEL land

surface scheme (Balsamo et al., 2015), driven by downscaled meteorological forcing from ERA5, and does not assimilate

ASCAT SM. Moreover, the ERA5 precipitation is not bias-corrected by gauge observations, as in some land model reanalyses

(Reichle et al., 2017), yet the quality of ERA5-Land SM is rather sensitive to the quality of that forcing.135

2.2 Datasets used in evaluation of SM

We perform an evaluation of spatial variability in the above SM products through comparison with daytime Land Surface

Temperature (LST) data. When ET is limited by the availability of SM, terms in the surface energy balance become sensitive

to SM. In particular, as soils dry, LE decreases and both H and emitted long-wave radiation increase alongside LST (Gallego-

Elvira et al., 2016). The effect of SM spatial variability in water-limited regimes is therefore readily observable from clear-140

sky daytime LST. Within a region, pixels that are drier than their climatological value will be relatively warm compared to

their wetter neighbours. We use LST data from the Spinning Enhanced Visible and Infrared Imager (SEVIRI) onboard the

Meteosat Second Generation (MSG) satellite series. Using the 10.8 and 12 µm SEVIRI channels, LST is retrieved every 15

minutes under clear sky conditions by the Satellite Application Facility on Land Surface Analysis (https://landsaf.ipma.pt)

at a resolution of 3-5 km (depending on the latitude) over Africa. We applied additional cloud-screening before computing145

a monthly climatology for every pixel and time of day using data from 2004-2015 (Talib et al., 2022). We compute LST

anomalies (LSTA) by averaging anomalies from this climatology for each time step between 07:00 and 17:00 local time (LT),

and regrid the MSG pixel values to the resolution of the SM dataset. In making our comparisons, we implicitly assume that

this clear-sky daytime mean LSTA is comparable with SM retrievals from morning overpasses. That will not be the case when

there is significant rainfall after the SM overpass. However, cloud cover at the larger scale tends to remain significant long after150

rainfall events, which coupled with our conservative cloud-screening, substantially limits the impact of such cases. We use the
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global long-term Vegetation Optical Depth Climate Archive (VODCA; Moesinger et al. (2020); Zotta et al. (2024)) dataset to

stratify results according to VOD, a proxy for vegetation water content.

2.3 Precipitation products

Since precipitation primarily drives variability in SM, we can use 0.1◦ SM data to evaluate the skill of different precipitation155

products in capturing spatial variability in rainfall. This follows the principle underlying the SM2Rain products (Brocca

et al., 2019), that time series of SM retrieved from satellite provide information on rainfall accumulation between overpasses,

effectively interpreting satellite-based SM data as large-scale rain gauges (Brocca et al., 2014). In this study, we examine

the spatial similarity between accumulated rainfall patterns and the change in SM between successive SM retrievals (sensor

overpasses). We consider three satellite-based precipitation products using different combinations of thermal infrared and160

microwave imagery. The H60B dataset, produced in near-real time by HSAF (Mugnai et al., 2013), is designed to use passive

microwave data from polar-orbiting satellites (only available typically every few hours) to calibrate more frequent (15 minutes)

lower quality rainfall estimates based on SEVIRI cloud-top temperatures. The widely-used global Integrated Multi-satellitE

Retrievals for Global Precipitation Mission product (IMERG; Huffman et al. (2023)) additionally uses rain gauge data at the

monthly time scale to produce a rainfall estimate more consistent with ground observations. Like H60B, the Rain Over Africa165

(RoA; Amell et al. (2025)) dataset is produced in near-real time, but driven only by SEVIRI thermal infrared channels. The

data are generated by a deep learning model trained on high quality combined microwave and radar retrievals (Grecu et al.,

2016) from the Global Precipitation Mission (Hou et al., 2014). In spite of being limited to only thermal infrared information

which cannot penetrate into the cloud, in comparison with rain gauges in Zambia, RoA has been found to perform comparably

to a microwave-only version of IMERG (Ageet et al., 2026). Finally, we consider precipitation from the Numerical Weather170

Prediction model within the ERA5 system (Hersbach et al., 2023), and which drives the ERA5-Land SM product described

above.

2.4 Network for nowcasting convective cores (NetNCC)

We explore the impact of adding 0.1◦ SM on convective storm nowcasting using NetNCC. NetNCC is a deep learning-based

nowcasting model that forecasts the probability of convective core occurrence at 1 to 6 hrs lead time using thermal infrared175

(TIR) brightness temperature (Tb) information (Ahmad et al., 2026). Convective cores represent that part of the cloud system

where deep convection occurs and are often associated with very cold cloud temperatures and extreme precipitation (Feng

et al., 2011). Brightness temperatures observed at 10.8 µm by the SEVIRI instrument aboard the geostationary MSG satellite
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(Aminou, 2002) are used as input data (<0◦C only). Three maps of normalized TIR Tbs (representative of cloud top) at hourly

intervals prior to the nowcast initiation time (to) are used to predict convective core targets (binary). The target data is derived180

from a dataset developed by Klein et al. (2018) that identifies convective cores based on TIR Tb gradients in mesoscale

convective systems using wavelet scale analysis. NetNCC uses a U-Net based structure with a spatially enhanced loss function

(fractions skill score metric) to capture the inherent spatial features in cold clouds which help in predicting convective core

propagation and initiation. Further details about the model architecture and training dataset can be found in Ahmad et al.

(2026).185

3 Evaluation of 0.1◦ SM

To assess the ability of different SM products to capture mesoscale variability, we perform spatial correlations between daily

anomalies in the SM and LST data. The calculations are performed daily for every 1◦ x 1◦ grid box within the domain for

the years 2020-2024. We only perform the correlations where at least 75% of the pixels within the grid box have data. We

also apply a minimum threshold to the standard deviation of LSTA across the gridbox of 2.5 K. This ensures that spatial190

variability in LSTA is marked. Note that the different SM products are based on different times of the morning. The ASCAT

overpass occurs around 09:30 LT at the equator, SMOS and SMAP are at 06:00 LT, and AMSR-2 is 01:30 LT. The MEDIUM

RESOLUTION product has a nominal time of 00 UTC but combines observations throughout the morning and the preceding

evening.

An example of this calculation is shown in Figure 1 using 0.1◦ ASCAT data. There is marked spatial variability in this image,195

with cool LSTA pixels corresponding well to relatively wet SM anomaly (SMA) pixels. Considering the 100 0.1◦ pixels within

the 1◦ x 1◦ box, there is a strong negative LSTA-SMA correlation (r=-0.915). This example was identified from the first day in

the dataset and selected for illustration because it has the strongest negative correlation on that day.

The results of the analysis correlating daily SMA and LSTA at 0.1◦ over the 5-year period are presented in Figure 2. The

maps show the mean spatial correlation for each 1◦ grid cell for the different SM products. Considering ASCAT (a), there200

are widespread strongly negative mean correlations (<-0.6) across most of the domain where data are available. Weaker mean

negative correlations predominate across the Southern Sahara and Northern Sahel, Somalia and Eastern Kenya in the Horn of

Africa, and in parts of South Africa. Note that the absence of data across the climatologically wetter, more densely-vegetated

parts of Africa is due to both masking of SM for the densest vegetation and a lack of days exhibiting strong LSTA variability in

those regions. This is partly due to frequent cloud cover, but also strongly affected by our choice of a 2.5 K minimum threshold205
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Figure 1. Example of similar spatial patterns in anomalies of LST (a) and ASCAT SM (b) at 0.1◦ resolution. (c) Scatterplot showing the
spatial correlation between LST and SM anomalies across the 1◦ x 1◦ box shown in (a) and (b). The data are from January 1st 2020 in South
Africa.

applied to the spatial standard deviation of LSTA. Through aerodynamic effects, LST sensitivity to SM is suppressed over

forested surfaces, which dominate in these regions (Gallego-Elvira et al., 2016).

The remaining satellite-based SM datasets have similar patterns of correlations across Africa to ASCAT, with mean negative

correlations with LSTA weakening in more arid regions. Generally poorer correlations in desert areas for all SM products

suggest that spatial variability in dust may be affecting the LST retrievals there. Importantly, throughout Sub-Saharan Africa210

(SSA) there are systematic differences in the strength of the correlations between sensors, with ASCAT clearly outperforming

the other satellites in capturing spatial structures at 0.1◦ resolution. This is evident in the histograms (insets in Figure 2), where

all the daily correlations across SSA have been placed in bins of width 0.05. For ASCAT, the frequency distribution is strongly

skewed, with the mode at r = -0.80 and a mean of -0.55. The other satellite datasets have weaker peaks in the distribution at

values in the range -0.7 to -0.6 and means between -0.43 and -0.38.215

We also assess the correlations of ERA5-Land (at 0.1◦; Figure 2) and ERA5 (at 0.25◦; Appendix Figure A1) with LSTA

data, and mimic the sampling time of ASCAT (0930 LT), interpolating between hourly data as a function of longitude. Both

products have far weaker negative correlations with LSTA, with ERA5 (mean correlation of -0.11 at 0.25◦) offering only

marginal improvement over ERA5-Land (mean correlation of -0.09 at 0.1◦), despite the assimilation of ASCAT SM data

into the former. The lack of skill in capturing SM structures on sub-1 degree scales in ERA5 reflects the weak influence220

that ASCAT data have in the data assimilation compared to the model (Hersbach et al., 2023). The model SM is therefore

strongly influenced by forecast precipitation, which is known to have effectively no skill compared to climatology over large
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Figure 2. Mean spatial correlation (r) between anomalies in LST and different SM products at 0.1◦. (a) ASCAT, (b) SMAP, (c) SMOS, (d)
AMSR2, (e) MEDIUM RESOLUTION CCI, (f) ERA5-Land. White land pixels have fewer than 5 days with sufficient LST and/or SM data
to perform the spatial correlation (see text for details). The histogram insets show the frequency [%] of daily r-values (binned every 0.05)
across SSA.
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Figure 3. Mean correlation (r) between SMA and LSTA binned by VOD for SM products at resolutions of 0.1◦ (a) and 0.25◦ (b)

parts of Tropical Africa (Vogel et al., 2018). We speculate that it is the assimilation of station-based temperature and humidity

observations at 2m (de Rosnay et al., 2014) which provides better consistency between satellite SM and atmospheric structures

at scales greater than 1◦, as found in Klein and Taylor (2020).225

Given the inherent sensitivities to vegetation cover of both SM retrievals and LST responses to SM, we present the mean

correlation coefficients for each product binned according to climatological VOD in Figure 3. Across intermediate values of

VOD (0.1-0.5), negative LSTA correlations with ASCAT are 0.15-0.20 greater than the next best product (SMAP). The ability

of ASCAT to capture mesoscale LSTA patterns weakens notably at both high (>0.5) and low (<0.1) VOD. For the most

arid, sparsely-vegetated class, this is likely due to the known degradation of ASCAT retrievals in desert areas, where sub-230

surface backscatter can affect data quality (Wagner et al., 2024). Similarly for the most densely-vegetated surfaces, the reduced

sensitivity of ASCAT backscatter to SM leads to reductions in correlations between SMA and LSTA. It is perhaps not surprising

that ASCAT outperforms the passive microwave-based products in capturing spatial variability at 0.1◦ resolution given the

difference in effective sensor resolution of ∼15km (ASCAT) to >25km for the passive sensors. Repeating the analysis for the

passive products using coarse (0.25◦) resolution LSTA in Appendix Figure A1 and Figure 3, their performance systematically235

improves, though still remains weaker than the ASCAT 0.1◦ correlations for the intermediate VOD classes.
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Figure 4. Mean spatial correlation (r) between the daytime change in ASCAT soil moisture and different accumulated rainfall products at
0.1◦. (a) Rain Over Africa (RoA), (b) IMERG, (c) HSAF, (d) ERA5-Land. The histogram insets show the frequency [%] of daily r-values
(binned every 0.05) across SSA. (e) Mean correlations binned by VOD.
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4 Application of 0.1◦ SM to evaluation of rainfall

The strong coherence of mesoscale patterns of LSTA and ASCAT SM provides an opportunity to evaluate different rainfall

products used in diverse weather and climate studies at the mesoscale. For this, we follow a similar approach to the LSTA-based

evaluation, performing daily spatial correlations between fields within 1◦ x 1◦ boxes. The fields used here are the change in240

SM between the morning and evening ASCAT overpasses and the accumulated rainfall pattern at 0.1◦ resolution. Only days

and locations with a pixel maximum rainfall of at least 10 mm are included. The implicit assumption of this analysis is that the

pattern of changes in SM over 12 hours are dominated by rainfall rather than other processes. This assumption appears well-

justified when examining the three satellite-based products (Figure 4), which all yield histograms of correlation coefficient

skewed strongly towards positive values. As with the SM-LSTA analysis, a clear ranking emerges in the precipitation datasets,245

with RoA exhibiting mesoscale structure which is notably more consistent (mean value of 0.47) with ASCAT SM retrievals

than IMERG (mean of 0.32), which in turn outperforms HSAF (mean of 0.27). For all 3 precipitation datasets the correlations

tend to weaken with increasing VOD (Figure 4e). We interpret this as being due to reduced ASCAT backscatter sensitivity to

SM with increasing vegetation cover rather than a degradation in the precipitation datasets in a wetter climate.

In contrast to the satellite-based rainfall products, mesoscale structure in the ERA5-Land dataset (Figure 4d) bears effectively250

no correlation with the ASCAT retrievals over the vast majority of the continent. This lack of skill from the ERA5 model in

predicting rainfall at the scales analysed explains the poor performance of ERA5-Land and ERA5 SMA correlations with

LSTA in the previous section. Within Sub-Saharan Africa there is a suggestion of slightly enhanced correlations along the

Rift Valley in East Africa, particularly in parts of Ethiopia and Kenya, and again within South Africa and Namibia. These

correspond to locations where coastal plains give way to elevated interior regions. Such configurations are expected to provide255

strong orographic forcing on rainfall in ERA5, and hence some skill in predicting rainfall patterns at the sub-1 degree scale.

The same limited regions also emerge in Figure 2f), where ERA5-Land SM exhibits somewhat better agreement with LSTA

patterns than elsewhere. We conclude that over most of Africa, the ERA5-Land SM dataset provides no useful information on

SM spatial variability at the sub-1 degree scale, in spite of its nominal resolution of 0.1◦.

5 Application of 0.1◦ SM to nowcasting convective storms260

In this section, we identify the influence of adding 0.1◦ SM to our convective core nowcasting model (NetNCC). Considering

the impact of spatial gradients in SM on mesoscale convective systems, it is expected that the addition of SM information

would improve the physical process based rationality of the nowcasts, particularly over dry soils or regions with soil moisture
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heterogeneity (Taylor et al., 2022). The ESA CCI SM products provide a stable climate data record which is very useful

for training data-based models such as NetNCC. The quality and stability of the training data is key for well-trained deep265

learning models. Three models were trained for this analysis: 1) NetNCC using TIR only information (baseline, henceforth

called N_TIR), 2) NetNCC using TIR and SM at 0.1◦ (henceforth called N_TIR+SM 0.1), and 3) NetNCC using TIR and

SM at 0.25◦ (henceforth called N_TIR+SM 0.25). Section 3 shows that the ASCAT SM dataset was best in capturing spatial

features in LST. Thus, we selected ASCAT SM at 0.1◦ and 0.25◦ (for reference) spatial resolutions for our analysis below.

ASCAT overpass time is around 9:30 (descending) and 21:30 (ascending) local time at the equator. Therefore, we used the270

latest ASCAT image as model input after it became available at 10:00 and 22:00 UTC. All nowcasts made between these time

intervals used the same SM information. In addition to the three TIR Tbs prior to the nowcast initation time, we used one input

channel for relative wetness values [range 0 to 1] from ASCAT and one input channel of binary values for the observation

mask such that 0 equals no observation and 1 equals availability of ASCAT observation. Thus, a total of five input channels

were used for the N_TIR+SM 0.1 and N_TIR+SM 0.25 models, while the baseline N_TIR model has three input channels. All275

other specifications were the same for the three models.

We focus on an extended western Africa domain for this experiment since the LSTA and SMA coupling in that region is

relatively higher (as seen in Figure 2). All training and evaluation was done for the month of June when substantial convective

activity occurs in West Africa. Model training used data from (June) 2007 to 2020, while the nowcast evaluation used data

from (June) 2021 to 2024. The input and predicted images were 1024×1024 pixels in size with a spatial resolution of 0.05◦.280

All datasets were regridded to a regular 0.05◦ grid using a nearest neighbour method prior to training. The MSG TIR data had

higher inherent resolution (∼3km) as compared to the ASCAT SM datasets. Thus, the effective spatial scale of atmospheric

(Tb) versus land surface (SM) information provided to the model is different. We know from a prior study that NetNCC is quite

sensitive to very cold clouds (Ahmad et al., 2026), thus it is expected that the high resolution TIR Tb inputs would dominate

nowcasts. Here, we analyse the extent and limit of impact produced by additional SM information on the nowcasts.285

Figure 5a) presents the observed frequency of core occurrence across the domain during June. Since most of the convective

cores occur between 5 to 15◦ latitude in June, we focus on results from this latitude band. The frequency of core occurrence

is quite low throughout the domain, i.e., we have a highly imbalanced class for prediction. The maximum occurrence is ∼3%

of the total samples in some regions. In Figure 5b), the climatological mean SM observed by ASCAT during the day (am)

overpasses show a strong latitudinal gradient between 8 and 15◦N. Climatology of night (pm) overpasses is quite similar to290

Figure 5b) (result not shown). The climatology computed using day (night) overpasses is used to compute SM anomalies during
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Figure 5. The study domain selected for nowcasting analysis extends over western Africa. a) Frequency of cores occurrence in June is
computed for each pixel as a fraction of total samples [range 0-1]. b) Climatology computed from all the observations collected during the
day (am) overpasses of ASCAT.

the day (night). Elevation variability is low is this region which helps in the propagation of long-lived mesoscale convective

storms.

Example nowcasts for one day are shown in Figure 6, including the TIR Tb inputs. High values of normalized TIR Tb show

the location of cold clouds (subplots a-c) and are overlaid with cores present at to. The nowcasts predict the propagation of cold295

clouds such that high probability values are generally in the neighbourhood of where the current cores may move or expand.

The nowcasts produced by the three models are similar in general location but differ in extent and probability magnitudes

(subplots d-f). The nowcast contours are overlaid on SM anomaly values (subplots g-i) to zoom in on the differences between

the models over wet versus dry areas. Both N_TIR+SM 0.1 and N_TIR+SM 0.25 nowcasts have higher probability values

than N_TIR over dry pixels (above 10◦N and around 10◦E). The extent of non-zero probabilities is larger for N_TIR+SM300

0.1 than N_TIR over the dry SM patch. Conversely, over the wet soils in the south, the nowcast probabilities are lower in

magnitude, smaller in extent, and better collocated with true cores for the SM added models as compared to N_TIR. Figure 6

provides an example of the differences between nowcasts produced by the three models. However, it also underlines the fact

that the primary predictor for all three models is (cold) TIR Tb, even after adding SM information. This can be explained by

the sensitivity of NetNCC to very cold clouds due to the definition of convective cores based on spatial temperature gradients.305

5.1 Statistical evaluation of nowcasts

The critical success index (CSI) (equation 1) is used here to assess the statistical accuracy of the nowcasts. CSI has its strengths

and limitations for rare event detection (Schaefer, 1990), however, it provides a consistent metric for comparing the three

models in our case. In equation 1, true positive refer to correctly predicted core pixels, false positives are pixels incorrectly
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Figure 6. Model inputs (a-c) and nowcast probabilities for lead time equal to 4 hrs (d-f) for one case on 6th June 2021 at 15:00 UTC. The
third row shows a magnified view of a small portion of the nowcasts in second row. The nowcast contours (0.2 interval) are overlaid on SM
anomaly values. Magenta contours show the location of true cores. TIR Tb= Thermal infrared brightness temperature.
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predicted as core, and false negative are pixels incorrectly predicted as no core but are actually core pixels.310

CSI =
True Positive

True Positive+False Positive+False Negative
(1)

Figure 7a) shows the CSI values calculated at each hour of day for the three models at 0.05◦ (∼5km) using the probability

threshold that gives best results for each model (0.25 to 0.3). The threshold value was selected via a probability distribution

analysis discussed below in section 5.2 and an iterative method for optimizing the CSI values for all models. The local time

varies between 0 UTC for the western coastal regions to +1 UTC for the eastern part of the study domain. All the models show315

a strong diurnal cycle with the highest CSI values for nowcasts initiating in the afternoon. This coincides roughly with the time

when there are more cores present, and hence when accurate predictions are more useful. The diurnal timing suggests that the

models are better at predicting the propagation of convective systems once matured, and less skillful at capturing initiation and

dissipation. The N_TIR+SM 0.1 generally yields higher statistical accuracy according to CSI values, particularly from evening

(post 17:00) to early morning (5:00) local time. Conversely, the CSI values for N_TIR are better than N_TIR+SM 0.1 during the320

morning hours (between 9:00 to 13:00), when the atmospheric boundary layer is developing. The relative differences between

the CSI values for N_TIR+SM 0.1 versus N_TIR+SM 0.25 nowcasts suggest that higher spatial resolution of SM yields higher

CSI values during most times of day, consistent with prior studies highlighting gradients on scales ∼10-40km (Taylor et al.,

2011).

Precision=
True Positive

True Positive+False Positive
(2)325

Recall =
True Positive

True Positive+False Negative
(3)

Precision (equation 2) and recall (equation 3) are commonly used to define model accuracy. Precision-recall curves in Figure

7b are quite similar for N_TIR and N_TIR+SM 0.1 models. The differences between the individual lines are mainly due to time

of day, except for 11:00 when the values are lower than afternoon (15:00) or night (23:00). This could be due to the relatively330

lower frequency of occurrence of cores during that time of day, leading to decreased predictability for both models and lower

precision. N_TIR nowcasts are more precise for the same recall as N_TIR+SM 0.1 in the morning and have either similar or

slightly lower precision for the afternoon hour.
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Figure 7. a) Critical success index calculated for nowcasts initiating at each hour of day using the probability threshold yielding best accuracy
for each model. b) Precision-recall curves at three times of day for N_TIR and N_TIR+SM 0.1 models. Baseline represents frequency of
occurrence of true cores. c) Precision and recall values for each nowcast probability threshold (23:00 UTC).

Figure 7c presents the change in precision and recall as the threshold value used to convert nowcast probability into a binary

value changes (for 23:00 UTC). As the threshold value is increased, both models show an increase in precision and a decrease335

in recall. The increase in precision is driven by true positives highlighting that the model is more accurate at higher confidence

nowcasts (which are characterized by large probability values). At low threshold values, the recall is high indicating that the

models (particularly N_TIR+SM 0.1) are capable of predicting highly imbalanced classes, i.e., core vs. no core. However, the

low precision at these low threshold values means that most of the pixels are misclassified as convective core. Both models show

very similar precision for most threshold values, whereas N_TIR+SM 0.1 shows higher recall for the corresponding threshold340

probability. The statistical values in Figure 7 are computed on a pixel by pixel comparison, i.e., they represent the accuracy at

a fine spatial resolution (0.05◦) without compensating for displacement errors within a neighbourhood. The accuracy is much

higher for all models at larger spatial scales (Ahmad et al., 2026).
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5.2 SM impact on nowcast probability

Figure 7 showed the statistical improvement in the nowcasts after adding SM on a per pixel basis. In this section, we analyse345

the probability distributions for the individual models for insight into how the probability values and extent change after

adding SM at different resolutions. The joint and conditional joint probability plots for N_TIR nowcasts with respect to the

SM added models are presented in Figure 8. Subplots a) and c) show that the joint probability for N_TIR versus N_TIR+SM

0.1 and N_TIR versus N_TIR+SM 0.25 nowcasts, respectively, is somewhat asymmetric. This asymmetry is enhanced when

considering the joint probability conditional on the cores actually being observed (subplot b and d). In other words, in cases350

where true cores occur, the SM added models have higher probabilities. These plots show the model behaviour for nowcasts

initiating at all times of day. We noted higher asymmetry in conditional joint probability maps (results not shown) for nowcasts

initiating at night, indicating better performance of N_TIR+SM 0.1 nowcasts at night when most of the cores result from the

propagation of developed mesoscale convective systems instead of initiation of new cores. Probabilities for nowcasts initiating

between noon and evening showed similar, but much less pronounced, differences between the model outputs, indicating355

similarity in model behaviour in terms of nowcast probabilities between morning and afternoon.

We know from previous studies that convective cores are more likely to occur over dry SM anomaly areas during summer

in West Africa (Taylor et al., 2022). Here we check whether adding SM data to NetNCC increases the frequency of core

occurrence over drier SMA pixels, consistent with our physical understanding. Figure 9 shows that the frequency of predicted

cores is larger over negative compared to positive SMA values for all models. The shift in the distribution towards more negative360

SMA is more pronounced in subplots d-f, which show the joint probability conditioned on true core instances. The signal is

clearest for N_TIR+SM 0.1 (subplot e) - there are more samples with higher nowcast probability in the negative SMA bins.

For an optimal nowcast probability threshold of 0.3, we see that N_TIR predicts 57% of correctly identified core occurrences

will be over negative SMA pixels whereas this percentage increases to 59% for N_TIR+SM 0.1 nowcasts. This means that

N_TIR+SM 0.1 more confidently predicts core occurrence over drier soils when true cores actually do occur. In other words,365

the addition of medium resolution SM to NetNCC has improved the 4-hour nowcasts by learning that cores are more likely

over drier soils.

Figure 8 explores the differences in nowcast probability for the three models by considering individual nowcast instances

for each pixel. In Figure 10, we focus on the location and magnitude of these differences. Figure 10 (a-c) shows nowcast

probability sums. The values range between 0 and 100 and are calculated by the summation of all nowcast probabilities in the370

test sample normalized by the total number of test samples. The sum of probability maps encapsulate two characteristics: 1)

probability magnitude at each pixel, and 2) spatial extent of nowcast probabilities, i.e., where do high nowcast probabilities
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Figure 8. a) and c) Joint probability plots of N_TIR versus N_TIR+SM 0.1 and N_TIR+SM 0.25 model outputs for nowcasts at lead time
equal to 4 hrs [latitude 7 to 15◦N]. b) and d) Joint probability conditioned on instances when true cores occurred. True core is defined as the
instance in space and time when a core actually occurred at lead time.

occur. The location of high values in subplots a-c correspond well with the locations of higher true core occurrence in subplot

d) (e.g., between 9 to 14◦N). The models are able to capture the geographical distribution of cores across the region. The

differences between the models (subplot e-f) show that N_TIR+SM 0.1 and N_TIR+SM 0.25 have higher probability sums in375

regions where true core frequency is relatively high. The is particularly noticeable in regions which have high spatial gradients

in climatological SM. The SM climatology contours between ∼9 to 14◦N represent the decrease in climatological SM with

increasing latitude. This is also the region with the highest positive differences between probability sums for SM added models

and N_TIR. This indicates that the SM added models have higher nowcast probability when true cores occurred for regions

with climatologically heterogeneous SM (or SM gradients). This corresponds with the findings of Taylor et al. (2022) who380

noted higher impact of land surface temperature on nowcasting convective storms over the same latitude bands in West Africa.

These plots show results for all times of day. Similar results are seen throughout the diurnal cycle, although the location of

high frequency of true cores changes with the local time.
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Figure 9. a-c) Joint probability plots of N_TIR, N_TIR+SM 0.1 and N_TIR+SM 0.25 nowcast probability versus soil moisture anomaly
(SMA) for lead time equal to 4 hrs [latitude 7 to 12◦N]. d-f) Same as a-c for joint probability conditioned on instances when true cores
occurred. The numbers in d-f show the percentage of core instances (threshold>0.3) located in dry SM areas (SMA<0).

6 Discussion

In section 3, we evaluated the ability of different SM products to capture mesoscale spatial structures. ASCAT SM showed the385

best performance in terms of high correlation with MSG LST. It is interesting to note is that ERA5-based products show little

skill in capturing mesoscale structures across the study area. The correlation between ERA5 SM and LST as well as ASCAT

SM and ERA5 rainfall is weak. It is possible that ERA5 may be better in capturing mesoscale spatial structures in other

parts of world as compared to Africa due to improved forecast skill of rainfall (better model first guess) and greater density

of synoptic stations, which feed into the data assimilation framework. The results suggest that there is poor representation of390

mesoscale variability in moisture-related variables, leading to unreliable surface fluxes in ERA5 over Africa. This has important

implications for prediction of convective initiation in atmospheric forecast models given the role of mesoscale SM structures
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Figure 10. a-c) Maps of normalized sum of nowcast probability [range 0-100] for all nowcasts at lead time 4 hrs (June). d) Sum of true cores
that occurred at the lead time. e-f) Difference between the SM added models versus N_TIR (TIR only model) normalized nowcast probability
sums. The contours represent SM climatology for June (red=dry; blue=wet)

on convective life cycles in Africa (Taylor et al., 2026). We speculate that a stronger weighting of ASCAT SM relative to the

model’s first guess could improve the local accuracy of atmospheric forecasts over Africa by the ECMWF system.

Given the coupling between SM dynamics and accumulated precipitation, medium resolution SM products serve not only395

as an independent benchmark for evaluating precipitation products, but also offer a physically grounded basis for assessing the

relative performance of different precipitation retrieval approaches. The deep learning approach employed in RoA exploits TIR

data alone, and benefits from the near-real time availability of geostationary imagery, whereas IMERG merges both TIR and

microwave observations to penetrate cloud cover, albeit at a greater latency. Despite this, the agreement of RoA to retrieved SM

exceeds that of the theoretically more complete IMERG estimates, a superiority previously attributed to the radiometrically400

complex land surface background (Amell et al., 2025). This further highlights the potential to refine satellite-based precipitation

products.

The strong spatial consistency between SM, LST and precipitation fields raises the possibility of fusing these datasets (for

example through machine learning) to create enhanced products. For example, the availability of a high quality precipitation

record generated from geostationary satellite data (i.e., RoA) could be used to fill in the gaps between the microwave soil405

moisture retrievals employed in the ESA CCI SM dataset to provide a consistent hourly SM product. Such a seamless SM

dataset could be of value for weather prediction, or indeed studies of sub-daily land-atmosphere processes. Equally, changes
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in SM between consecutive ASCAT overpasses could provide additional constraints on a precipitation product, potentially

improving the spatial distribution of the rainfall estimate.

The use of 0.1◦ SM in nowcasting convective cores shows considerable potential based on the results in section 5. Information410

pertaining to land-surface feedbacks is encapsulated in sub-daily medium resolution SM and helps in improving the nowcasting

accuracy at lead time under consideration (4 hrs). The impact is more prominent in the evening and night when there are more

propagating cores than new initiating cores. Interestingly, we note a degradation of nowcasting accuracy for the coarse (0.25◦)

SM added nowcasting model. There is a suggestion that the finer-scale structure embedded in 0.1◦ SM data may be aiding the

nowcasts at 4 hrs lead time. We might expect to see this result from a physical perspective. This is because the surface-driven415

atmospheric circulations which influence moist convection respond to SM gradients on scales down to ∼ 10km, and such

gradients are created daily by new convective rain events falling on otherwise dry soil. However, analysis of a broader range

of conditions (e.g. different regions and seasons) and nowcast lead-times is needed to determine how much additional skill is

provided by 0.1◦ SM. Moreover, the use of different nowcasting models or deep learning frameworks (such as an object-based

method) may help to establish the importance of soil moisture resolution on nowcasting accuracy.420

7 Conclusion

In this paper, we evaluate the intermediate and merged 0.1◦ SM datasets produced as part of the ESA CCI MEDIUM RESOLUTION

SM effort. The results show that the strengths and weakness of individual sensors translate into the subsequent SM product.

The 0.1◦ ASCAT SM dataset provides substantially better resolution of mesoscale features as compared to the passive sensor-

based SM products (SMAP, SMOS, and AMSR2) as well as the merged MEDIUM RESOLUTION product. The MEDIUM425

RESOLUTION product is considerably influenced by passive sensors and shows weaker spatial correlation with LST at 0.1◦

than the active sensor. At present the potential improvements that could be provided by the active sensors are not captured by

the MEDIUM RESOLUTION product. ERA5-Land and ERA5 SM show almost no skill in capturing the strong mesoscale

LST contrasts that underpin strong SM-precipitation coupling across Africa.

We explored two applications of the best performing 0.1◦ SM dataset, i.e., ASCAT SM. We first used SM to evaluate four430

rainfall products, namely RoA, IMERG, HSAF and ERA5. Spatial correlations were computed at 1◦ between SM and the

accumulated rainfall between two successive overpasses (12 hrs), with the assumption that any changes in SM during the

12 hrs were driven by the accumulated rainfall. The highest correlation values were noted for the (TIR-based) RoA product,

particularly in West Africa. RoA was able to capture mesoscale SM patterns better than the more established IMERG and

HSAF products. By contrast, forecast rainfall from ERA5 showed mean local correlations with ASCAT SM close to zero. The435
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lack of skill in predicting where rain will occur (a well-known challenge for numerical weather prediction in tropical Africa)

feeds into poor correlations between SM and LST anomalies in ERA5 and ERA5-Land. Even though ASCAT SM is assimilated

into ERA5, our results suggest that the resulting SM analysis is dominated by the biases in the model rainfall forcing.

The second application of medium resolution SM focused on the utility of adding SM to a convective core (storm) nowcasting

model. We experimented with adding ASCAT SM at medium (0.1◦) and coarse (0.25◦) resolution. The results showed that440

adding 0.1◦ SM improved the nowcasting accuracy at lead time of 4 hrs. The clearest improvements in nowcast skill occur

during the evening, when the propagation of pre-existing convective systems are quite sensitive to SM-influenced daytime

heating patterns. Recall was much higher for 0.1◦ SM model as compared to the baseline TIR only nowcasting model. The

nowcasting probabilities were higher in magnitude (more confident nowcasts) and had a larger spatial extent (higher number

of pixels identified as convective core) for the 0.1◦ SM model. The highest impact of adding SM was noted between latitudes445

9 to 14◦ with large spatial gradients in SM climatology. Analysis of the probability distributions highlighted that after adding

SM information, the models were more likely to predict convective cores over drier soils. In other words, NetNCC was able to

learn from the data that convective systems are favoured over drier soils. Further analysis is needed to assess the potential of

0.1◦ SM for nowcasting over other regions and at even longer lead times.

Our analysis of 0.1◦ SM highlights that there is considerable potential of improving rainfall (particularly rainfall from450

convective storms) by incorporating 0.1◦ SM. However, at present, the effective spatial scale of information in the passive

sensors is larger than the relevant mesoscale structures. Therefore, we conclude that further work is needed to optimize the use

of multiple sensors (as compared to ASCAT only) in order to improve the merged MEDIUM RESOLUTION SM dataset. This

is particularly important for applications that focus on land-atmosphere feedback loops at daily or sub-daily scales. SM can

change considerably within two sensor overpasses and accurately capturing those changes is important for land-atmosphere455

interactions.
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Figure A1. Same as in Figure 2 but for datasets at 0.25◦ resolution.
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Appendix A: Evaluation of coarse resolution SM

Acronyms and abbreviations

CCI Climate Change Initiative

ESA European Space Agency

ET Evapotranspiration

H Sensible heat energy

HSAF Hydrology Satellite Applications Facility

IMERG Integrated Multi-satellite Retrievals for Global Precipitation Mission

LE Latent heat energy

LST Land surface temperature

LSTA Land surface temperature anomaly

LT Local time

MR ESA CCI MEDIUM RESOLUTION SM

MSG Meteosat Second Generation

NetNCC Network for nowcasting convective cores

N_TIR NetNCC using TIR only

N_TIR+SM 0.1 NetNCC using TIR and SM at 0.01◦

N_TIR+SM 0.25 NetNCC using TIR and SM at 0.25◦

PBL Planetary Boundary Layer

RoA Rain over Africa dataset

SM Soil moisture

SMA Soil moisture anomaly

SMAP Soil Moisture Active Passive

SMOS Soil Moisture and Ocean Salinity

SSA Sub-Saharan Africa

VOD Vegetation optical depth
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Code and data availability460

The ESA CCI COMBINED V9.1 at 0.25◦ and ESA CCI MEDIUM RESOLUTION at 0.1◦ resolution are publicly available at

https://catalogue.ceda.ac.uk/uuid/0e346e1e1e164ac99c60098848537a29/ and https://researchdata.tuwien.ac.at/records/k32ss-1kh79

, respectively. A juypter notebook describing the NetNCC framework is provided at https://github.com/JawairiaAA/NetNCC/.

ROA dataset can be downloaded from https://registry.opendata.aws/roa/ and VOD data from https://researchdata.tuwien.at/

records/t74ty-tcx62. Data from ERA5 and ERA5-Land are available at https://climate.copernicus.eu/climate-reanalysis, and465

from HSAF at https://hsaf.meteoam.it/Products/ProductsList?type=precipitation.
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