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There is an increasing need to improve the accuracy of extreme weather forecasts for life-saving applications and in support of various socioeconomic sectors in East Africa, a region with remarkable mesoscale systems due to its complex topography defined by sharp gradients in elevation, inland water bodies, and landuse conversions. This study sought to investigate the impacts of the Weather Research and Forecasting (WRF) model spatial resolution on resolving rainfall variability with topography utilizing nested domains at 12 and 2.4 km resolutions. The model was driven by the National Centers for Environmental Prediction (NCEP)-Global Data Assimilation System (GDAS) Global Forecast System (GFS) final (FNL) reanalysis to simulate the weather patterns over East Africa from 3rd April 2018 to 30th April 2018, which were evaluated against several freely available gridded weather datasets alongside rainfall data from the Kenya Meteorological Department (KMD) stations. The reference datasets and the model outputs revealed that the highlands had more rainfall events and higher maximum daily rainfall intensity compared to the surrounding lowlands, attributed to orographic lifting enhancing convection. Rainfall was inversely proportional to altitude from 500 m to 1,100 m above sea level (ASL) for both coarse and fine resolutions. The convection-permitting setup was superior in three aspects: resolving the inverse altitude-rainfall relationship for altitudes beyond 3000 m ASL, simulating heavy rainfall events over the lowlands, and resolution of the diurnal cycle of low-level wind. Although the coarse resolution setup reasonably simulated rainfall over large mountains, only the convection-permitting configuration could accurately resolve rainfall variability over contrasting topographical features. The study notes that high-resolution modeling systems and topography-sensitive bias correction techniques are critical for improving the quality of operational weather forecasts in East Africa.
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1 Introduction

Even though the climate of tropical East Africa is quite diverse (Nicholson, 2017), the livelihoods and socioeconomic activities of most of the population are sustained by seasonal rainfall (Muita et al., 2021). Rainfall is largely bimodal, during March to May (MAM) and October to December (OND) with peaks in April and November, whereby the rainfall seasonality is controlled by the cross-equatorial movement of the Intertropical Convergence Zone (ITCZ) (Camberlin and Okoola, 2003). However, regions in northern and eastern Kenya have short-lived seasons between April to May and November to December (Owiti and Zhu, 2012), while the season between June and August is an active season over the regions in northwestern Uganda to western Kenya attributed to moisture influx from the Congo basin (Ongoma et al., 2018). The physical characteristics, especially topography, are key features that modulate the regional climate at different timescales (Nicholson, 2017). It is critical to ensure that these local processes are well represented in climate models. Over the years, there has been a remarkable improvement in modeling capabilities. For instance, the application of high-resolution climate models on regional and local scales offers the opportunity to resolve contrasting land features that are missed by coarse global climate models (GCMs) (Rummukainen, 2016; Stratton et al., 2018).

East Africa is prone to many disasters that are associated with climate variability in seasonal timescales such as droughts and extreme weather events in the sub-seasonal range (Wainwright et al., 2021). Elevation generally increases from east to west, with lowlands close to the coastal regions and highlands in the central regions of the study area (Figure 1). The spatial distribution of land cover/vegetation gives a hint to the climate, with savannas and grasslands in the eastern and northeastern regions, which are predominantly arid to semi-arid lands, while forests exist in the western regions, which generally experience more rainfall (Dinku et al., 2011). Figure 2 shows Weather Research and Forecasting (WRF) model (Skamarock et al., 2019) land-use based on the Moderate Resolution Imaging Spectroradiometer Land Cover Type-International Geosphere-Biosphere Programme (MODIS-IGBP) classification (Friedl et al., 2010), demonstrating that the dominant land cover is open shrublands at 22.6%, savannas at 20%, grasslands at 17%, and woody savannas forests at 13%, respectively. With increased resolution, some land use features such as urban and built-up areas were prominent at 0.17%, unlike in the coarse resolution. An overview of the description of the different categories in Figure 2 is presented in Table 1.
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FIGURE 1
 Topography in meters over the study area from the Global Multi-resolution Terrain Elevation Data (GMTED2010), Danielson and Gesch (2011) as represented in the current model domains, D01 (A) and D02 (B). The location of the rainfall stations used in the study is shown in (B), and major mountains are highlighted in (A).
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FIGURE 2
 Spatial distribution of landuse from the Moderate Resolution Imaging Spectroradiometer (MODIS)-International Geosphere-Biosphere Programme (IGBP) product, Friedl et al. (2010) as represented in the current model setups for WD01 (A) and WD02 (B). The respective landuse classes are given in Table 1. Some major cities are labeled in (B).




TABLE 1 MODIS-IGBP land use classification (Friedl et al., 2010) as implemented in the WRF.
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Both GCMs and regional climate models (RCMs) suffer from systematic biases which could be attributed to complex topography, weaknesses in parameterization schemes, coarse spatial resolutions, and atmosphere–biosphere process transitions over large water bodies (Allen et al., 2002; Cardell et al., 2019; Ayugi et al., 2020; Choi et al., 2023). East Africa, a region marked with complex topography such as mountains, the Great Rift Valley (GRV), and major inland water bodies, is a case where systematic biases present a challenge in the generation of skilful climate services for operational applications. In this regard, the influence of topography on the local climate should be properly resolved in both regional and limited area models. In regions of complex topography, high-resolution model applications are critical in resolving mesoscale convective systems (MCS) (Li et al., 2016).

Over the mountainous areas, topography-based statistical rainfall predictors over equatorial East Africa underscored that exposure was a major forcing factor over the mean altitude, whereby orography-induced rainfall was dominant in east-facing slopes during April and the short rain seasons (Oettli and Camberlin, 2005). Furthermore, as identified by earlier researchers, mesoscale systems including local circulations in the Lake Victoria Basin (LVB) are responsible for orography-induced rainfall over western-oriented slopes over the highlands in western Kenya (Mukabana and Piekle, 1996). However, results over the highlands noted that elevation was the paramount predictor of rainfall (Basist et al., 1994). Although this initial research relied on statistical methods, dynamical downscaling offers the opportunity to further evaluate both the representation of the static features and simulate their effect on climate processes from local to synoptic scales. For instance, the Turkana Jet (TJ) is a topography-induced southeasterly divergent flow contributing to the exceptional dryness of northern Kenya as compared with other equatorial regions (Kinuthia and Asnani, 1982). Furthermore, the jet prominently contributes to approximately 63% of moisture outflow within Kenya during April (Munday et al., 2022) and has been demonstrated to influence the inter-annual variability of rainfall in East Africa, whereby the region tends to be dry when the jet is strong (King et al., 2021).

Dynamical simulations therefore offer the opportunity to understand the physical mechanisms connecting topography-induced circulations with rainfall. The results based on high-resolution WRF simulations indicate that mountains with steep slopes have much stronger updrafts but less convective activity compared with less steep slopes Göbel et al. (2023). The reduced convective rainfall over the steeper slopes is a result of stronger turbulence entrainment of environmental air, exceeding the advective convergence of moisture. Mountains also play an important role of providing heating sources, triggering gravity waves, sustaining diurnal mountain-valley circulations, and initiating convection through thermal forcing (Colle et al., 2013; Kirshbaum et al., 2018). These processes are key in controlling the local climate. Based on WRF simulations at 4 km spatial resolution over regions of heterogeneous topography in Rwanda, the elevation was demonstrated to influence the prevailing synoptic conditions (Ntwali et al., 2016).

Currently, the respective national institutions in Kenya, Rwanda, and Ethiopia produce dynamically downscaled forecasts at 4 km using the WRF model, with the IGAD Climate Prediction and Applications Centre (ICPAC) generating the regional products over the Greater Horn of Africa (GHA) at 10 km (Gudoshava et al., 2024). There is still a need to improve the current operational setups since they fall within the “gray-zone,” the scales with uncertainties in parameterizing convection (Skamarock et al., 2019). We aim to showcase the potential benefit of utilizing WRF at convection-permitting scales for operational forecasts, with an interest in resolving processes related to topography. Ultimately, the production and uptake of high-resolution, accurate, and regionally relevant weather and climate products over East Africa is critical. However, the availability of computing resources is a key limiting factor to the spatial scale of WRF outputs (Castorrini et al., 2021), and thus, operational centers usually adopt optimum resolutions guided by the computing power at their disposal.



2 Materials and methods

This study utilized various freely available gridded satellite-derived rainfall datasets (RFEs) adjusted with station records. This includes Climate Hazards Group InfraRed Precipitation with Station version 2.0 (CHIRPSv2) (Funk et al., 2015), whose algorithm relies on satellite rainfall estimates based on Cold Cloud Duration (CCD) and calibrated with in-situ records from the Global Telecommunication System (GTS), the African Rainfall Climatology version 2 (ARC2), which is based on Infra-Red CCDs from geostationary satellites and GTS daily in-situ records, (Novella and Thiaw, 2013), Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks – Climate Data Record (PERSIANN-CDR), (Hsu et al., 1997). and the Tropical Applications of Meteorology using SATelite data and ground-based observations, version 3.0 (TAMSATv3) (Maidment et al., 2017). These datasets are all based on infrared (IR) sensors and have been sufficiently validated (Dinku et al., 2007; Sun et al., 2018; Ageet et al., 2022). However, given the different resolutions, only general agreement among the datasets was considered. In situ rainfall records for three selected synoptic stations in the vicinity of Mt. Kenya (Embu, Meru, and Nyeru) and the other three over the Kenyan lowlands (Makindu, Garissa, and Marsabit) were obtained from the Kenya Meteorological Department (KMD). In addition, hourly wind was sourced from the 5th Generation of European Centre for Medium-Range Weather Forecasts (ECMWF) - Reanalysis (ERA5) (Hersbach et al., 2020).

All datasets were sourced for April from 3rd April 2018 to 30th April 2018. The selection of the case study was guided by a multi-dataset ranking of daily rainfall data for April over the last two decades (2000–2019) that traced the highest rainfall amount to either 13th April or 14th April 2018 (analysis not shown). The prevailing synoptic drivers during this case study, notably the strong Madden–Julian Oscillation (MJO) in phases 2 and 3, and the related predictability of extreme rainfall have been studied extensively (Kilavi et al., 2018; Finney et al., 2020; MacLeod et al., 2021; Wainwright et al., 2021; Kebacho, 2022).

Utilizing the National Centers for Environmental Prediction (NCEP)—Global Data Assimilation System (GDAS) Global Forecast System (GFS) final (FNL) 6 h reanalysis data at 0.25 degree to provide initial and boundary conditions, the WRF model version 4.4.1 (Skamarock et al., 2019), coupled with the Noah Land Surface Model (LSM), (Chen and Dudhia, 2001), was used to simulate the weather evolution from 1st to 30th April, with the first 2 days used for model spin-up (Hanley et al., 2021). The model setup followed a one-way nesting approach, where the parent and child domains were at 12 km and 2.4 km spatial resolutions, respectively, hereinafter referred to as WD01 and WD02. One-way nesting was the most resource-efficient setup since the number of grids in WD02 were much more than in WD01 (Gill et al., 2004; Skamarock et al., 2019). We utilized the New Tedtke Scheme cumulus parameterization scheme (Zhang and Wang, 2017) for WD01 only, with lake physics activated given the presence of multiple inland water bodies as shown in Figure 2, with the rest of the settings shown in Table 2. The choice of WD02 resolution was guided by earlier results indicated that WRF at a 3 km scale accurately simulates rainfall over regions of complex topography (Moya-Álvarez et al., 2019).



TABLE 2 Overview of the WRF model configuration applied in this case study.
[image: Table2]

We investigated both spatial and cross-sectional variability of rainfall with topography over East Africa, with an interest in comparing the performance of the coarse and high-resolution model outputs in simulating both the number and intensity of rainfall events. The KMD threshold for very heavy rainfall, 50 mm in 24 h, was adopted for this study. To depict the rainfall-topography relationship, we adopted the locally weighted scatterplot smoothing (LOESS) technique, (Wanishsakpong and Notodiputro, 2018). Circulation features, especially the diurnal cycle of low-level wind over the LVB, were investigated to gauge the value of convection-permitting models in simulating mesoscale systems.



3 Results


3.1 Temporal rainfall characteristics

In this section, features investigated include the number of dry days, maximum daily rainfall, mean rainfall biases, and circulation patterns. The CHIRPS, WD01, and WD02 daily rainfall variability over the study area are presented in Supplementary Figures S1–S3, respectively. Generally, there is an indication of rainfall intensification during Week 2 and an overall decline during Week 4. Comparing WD01 and WD02, there is an increase in spatial variability, signifying an improved ability to simulate localized rainfall events. Spatially averaged rainfall for CHIRPS, WD02, and WD02 is presented in Figure 3. CHIRPS indicated that the 14th day of April 2018 had the highest rainfall amounts over the study area, consistent with the spatial analysis, as shown in Supplementary Figure S1. However, both model outputs placed this event on 13th April 2018, which is consistent with the respective spatial patterns, as shown in Supplementary Figures S2, S3. Based on the Taylor Diagram as shown in Figure 4, WD02 outperforms WD01 only in terms of the standard deviation but has higher root mean square error (RMSE) and a lower correlation score. Although this implies that rainfall magnitudes are better simulated in WD01, it also presents the drawback of using spatially averaged data to compute model evaluation metrices.

[image: Figure 3]

FIGURE 3
 Spatially averaged daily rainfall over the study area based on CHIRPS, WD01, and WD02 from 3rd April 2018 to 30th April 2018.


[image: Figure 4]

FIGURE 4
 Taylor diagram showing the performance of WD01 and WD02 against CHIRPS.


Furthermore, we sampled the results against selected stations in both lowlands and highlands to assess the performance of the simulations in regions of varied topography. In Marsabit, which is a secluded hill within the Turkana Channel, reaching over 1,000 m above sea level (ASL), WD02 results in tremendous improvement in simulating the evolution of rainfall compared with WD01, as shown in Figure 5A. In Makindu, with elevation slightly less than Marsabit and located in the southeast part of Kenya, WD02 indicates a notable improvement over WD01 in capturing the daily evolution of rainfall over the case study, though with less amounts than the gauge records, as shown in Figure 5B. However, over the eastern lowlands in Garissa, Figure 5C, at approximately 146 m ASL, neither WD01 nor WD02 was able to consistently simulate the magnitudes of rainfall. For the stations within the Mt. Kenya region, both Embu and Nyeri (Figures 5D,E respectively) indicate that WD02 was better than WD01 in simulating the daily evolution of rainfall. The results for Meru station, Figure 5F, which is located northeast of Mt. Kenya, show the best approximation of WD02 to station records. Overall, model results at the convection-permitting scale were better over the highland regions compared with the lowlands, indicating the improvements related to resolving mesoscale systems related with orography.

[image: Figure 5]

FIGURE 5
 Cumulative plot of station recorded rainfall for selected locations over the Kenyan lowlands, Marsabit (A), Makindu (B), and Garissa (C), and close to Mount Kenya, Embu (D), Nyeri (E), and Meru (F).


The RFEs show huge disparity over Marsabit, while ARC2 is an exact match of the gauge records in Nyeri and Meru, and with a close match for the rest of the stations. TAMSAT, on the other hand, tends to be an outlier with more rainfall for all stations except for Nyeri, unlike in Dinku et al. (2014) where calibrated TAMSAT rainfall closed matched gauge records over Ethiopia. All other RFEs tend to closely approximate rainfall over Garissa, Embu, and Meru. The differences between the RFEs could be attributed to whether the specific synoptic records were used to adjust the satellite retrievals.

Figure 6 presents the spatiotemporal variability of very heavy rainfall over East Africa, as implied by the number of days with rainfall exceeding 50 mm within 24 h for several gridded datasets and WRF outputs. For ARC2, there was extreme rainfall for 2 days over regions within the 600 m ASL in eastern Kenya and northern Uganda, while for CHIRPS, extreme rainfall was occurred only in the highland regions. PERSIANN seemed an outlier, with only less than 4 days over the southern coastal regions of Kenya. On the other hand, TAMSAT maps extreme rainfall, of more than 4 days, in an expansive region west of the 600 m contour and east of the GRV in Kenya. Furthermore, days of heavy rainfall were noted in Marsabit, Moyale region of the Kenya-Ethiopia border, and west of Lake Victoria. On the other hand, the two simulations presented contrasting results, with more than 8 days of extreme rainfall concentrated over the highlands, notably Mt. Elgon, Mt. Kilimanjaro, and Mt. Kenya, for WD01, while WD02 simulates fewer days of extreme rainfall in these ecosystems. Furthermore, WD02 generally captures other extreme rainfall events across the study area, though with the highest frequency over the mountains. This presents a critical advantage in high-resolution forecast production—the ability to detect localized extreme rainfall events.

[image: Figure 6]

FIGURE 6
 Spatial distribution of the number of days with very heavy rainfall (above 50 mm) from 3rd April 2018 to 30th April 2018 for ARC2 (A), CHIRPS (B), PERSIANN (C), TAMSAT (D), WD01 (E), and WD02 (F) overlaid with elevation contours. The bold blue line indicates the 600 m ASL contour.


The summary in Table 3 shows that Marsabit reported the highest daily maximum rainfall amount of 151 mm, on 13th April 2018, while Nyeri had the least of 42 mm recorded on the 16th April 2018. On the respective days, both WD01 and WD02 did not correctly simulate such rainfall magnitudes. The amounts for Marsabit were 2.4 and 14.5 mm for WD01 and WD02 and 16.3 and 28.9 mm for Nyeri. The simulation of both the number of dry days and the extreme events was fairly good for both model outputs, with no deviation of more than 2 days noted. The spatial variability of the number of dry days during the study period is presented in Figure 7, where ARC2 and CHIRPS portray a good spatial agreement, with the highest number of dry days over the coastal and southeastern regions of Kenya spreading into Tanzania in regions east of 35 °E longitude. This pattern is closely matched by TAMSAT, while PERSIANN presents fewer dry days, especially for regions within the LVB and eastern Uganda. Despite the differences across the reference datasets, the major areas of consensus were notably the Marsabit to Lake Turkana regions and the southern Kenya to northeastern Tanzania cross-border areas.



TABLE 3 Summary of rainfall characteristics for six stations comparing gauge records and model outputs for WD01 and WD02 from 3rd to 30th April 2018.
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FIGURE 7
 Number of dry days (with less than 1 mm in a day) from 3rd April 2018 to 30th April 2018 over the study area for ARC2 (A), CHIRPS (B), PERSSIAN (C), TAMSAT (D), WD01 (E), and WD02 (F).


WD02 indicates more dry days over Lake Victoria and regions below the 600 m ASL contour, especially over Turkana County in Kenya, compared with WD01. Notably, regions with the highest rainfall events are constrained over the mountainous regions east and west of the GRV in Kenya and Mt. Kilimanjaro in Tanzania. This pattern is not explicitly captured in any of the gridded reference datasets. This highlights that the spatiotemporal variability of rainfall over East Africa is sensitive to local orographic effects, despite the prevailing synoptic features. Furthermore, WD02 indicates that the lowlands of eastern and northern Kenya had more dry days than the highlands. There is a unique spatial signature implying that the 600 m ASL contour marks the spatial discontinuity on the coherence of the number of rainfall days, especially over Kenya. This distinction is not only vivid for WD02, but also WD01, and ARC2, though all datasets affirm this finding over northern Kenya. Differences between the datasets are notable sources of uncertainty.

The spatial patterns of rainfall biases are consistent across the period of study, except for Week 3 over the highlands in central Kenya, where WD01 signals overestimation, while a dry bias is reported for WD02, as presented in Figure 8. Overall, the biases are less pronounced for Week 4, especially in regions with elevations less than 600 m. However, for the same week, WD02 has the highest biases over central Kenya, exceeding an average of 10 mm in a day. This analysis indicates that at coarse resolutions, WRF consistently overestimates rainfall over the highlands. This is further noted in Figure 9, where WD01 consistently shows increase in rainfall with altitude, while for WD01, this relationship tends to break after 2000 m ASL. However, at lower elevations, both simulations indicated rainfall increase with elevation to approximately 500 m ASL, followed by a notable decline to approximately 1,100 m ASL.

[image: Figure 8]

FIGURE 8
 Mean simulated rainfall biases in mm per day for Weeks 1 to 4 over East Africa for WD01 (left) and WD02 (right). The weeks are defined by the period over the dates 3rd to 9th, 10th to 16th, 17th to 23rd, and 24th to 30th for Week 1, Week 2, Week 3, and Week 4, respectively.


[image: Figure 9]

FIGURE 9
 Cross-sectional view of WRF elevation along the equator (A) and scatter plots with LOESS regression lines showing the mean rainfall variability of rainfall for a transect along the equator for both WD01 and WD02 (B).




3.2 Circulation patterns

Figure 10 presents divergent wind for the afternoon hours, 10 to 16 UTC of 17th April 2018 for WD01, WD02, and ERA5, respectively. WD01 indicates a strong divergent flow centered northeast of Lake Victoria, while for both WD02 and ERA5, the magnitude is reduced and centered on the eastern side. This flow results in pronounced convergence on the highlands west of the GRV in Kenya, where intensity is higher for WD01 compared with both ERA5 and WD02. Over southern coastal Kenya, the divergent flow present in WD02 is not captured in both ERA5 and WD01. Given the diurnal cycle of temperature gradients between water bodies and land, we note that the surface circulations presented in WD02 are realistic, compared with both ERA5 and WD01 over both the LVB and coastal Kenya.

[image: Figure 10]

FIGURE 10
 Surface (10 m) divergent wind in m/s (vectors) overlaid with divergence (s−1) scaled by 106 averaged from 11 to 16 UTC for the 17th day of April 2018 for WD01 (A), WDO2 (B) and ERA5 (C). Positive values indicate regions of divergence, while convergence is represented by negative values. The label black contours represent elevation, with the 600 m contour is bolded and shown in blue.


We further present results for the diurnal cycle of the wind profile (with specific interest in the low level, below 800 hPa) for two airport stations located on the shores of Lake Victoria. Figure 11 presents the diurnal cycle of wind profile for both ERA5 and model outputs for Kisumu International Airport where ERA5 indicates calm conditions between 5 and 7 UTC, from the surface to approximately 800 mb, which were preceded by weak westerly winds, and followed by northerly winds up to 10 UTC. Transition to easterlies occurs from 14 UTC. The coarse domain WD01 indicates the presence of easterlies until 2 UTC, followed by transitory calm conditions at 3 UTC, after which westerlies dominate the lower atmosphere until 16 UTC when notable wind shear sets in as the low-level flow turns to easterlies which progressively weaken as the night progress. Unlike ERA5 and WD01, there are no calm conditions in WD02 during the early hours of the day.

[image: Figure 11]

FIGURE 11
 Diurnal cycle of vertical wind profile at Kisumu International Airport for 17th April 2018 for ERA5 (A), WD01 (B), and WD02 (C).


In Entebbe International Airport, Figure 12, ERA5 indicates the presence of north westerlies that progressively weaken until 10 UTC when calm conditions set in, followed by strengthening south easterlies which attain peak wind speeds of 3 to 5 m/s by 21 UTC. On the other hand, WD01 has low-level westerlies with enhanced speeds compared with ERA5, lasting from 00 to 11 UTC, when southerlies set in, followed by calm conditions at 16 UTC and thereafter southwesterlies. Unlike in ERA5, there is no proper reversal of wind directions for WD01. WD02 opens the day with short-lived southwesterlies until 03 UTC, after which northerlies set in lasting until 10 UTC when short-lived easterlies are noted, followed by calm conditions at 13 UTC, unlike WD01 which simulated calm conditions 3 h later. After 15 UTC, south westerlies dominate the lower atmosphere, with pronounced wind shears from 21 UTC.

[image: Figure 12]

FIGURE 12
 Diurnal cycle of vertical wind profile at Entebbe International Airport for 17th April 2018 for ERA5 (A), WD01 (B), and WD02 (C).





4 Discussion and conclusion

This study indicated important aspects of spatiotemporal variability of weather over East Africa during the case study. All gridded datasets and coarse resolution WRF indicated the prevalence of extreme rainfall events over the highlands, though with striking differences. It is worth noting that all gridded satellite-derived rainfall estimates are based on IR sensors, with additional topography-based calibration. The lack of spatial agreement, like the case of TAMSAT being the only dataset to detect extreme rainfall over the Moyale region, could be attributed to how the various IR sensors capture cold non-rain producing cirrus clouds and underestimation of rainfall from warm shallow convective clouds (Young et al., 2014). Despite relatively high spatial resolutions, 0.05o, 0.1o, 0.0375o, and 0.040o for CHIRPS, ARC2, TAMSAT, and PERSIANN, respectively, most IR-based rainfall records underestimate precipitation in mountainous regions since orography-induced rainfall may not reach the CCD thresholds (Dinku et al., 2011). Satellite rainfall estimates tend to be too heavy over areas where rainfall is light (< 5 mm) while underestimating heavy rainfall amounts (> 20 mm) in both mountainous and lowland areas (Gebremichael et al., 2014). In this regard, there are inherent weaknesses related to satellite-based precipitation estimates, despite the immense utility of providing supplementary information in regions without in-situ observations. It is emphasized that more station data are required to improve the calibration of satellite rainfall estimates. For instance, according to Dinku et al. (2014), local calibration of TAMSAT resulted in major improvements, unlike in the current case, where RFEs comparison with station data indicated poor performance of TAMSAT.

Although a huge disparity between gauge and WRF was noted for the magnitude of extreme rainfall, the number of extreme rainfall events, together with the number of dry days, was well simulated for all sampled stations. This indicates that most biases are related to the magnitudes rather than the variability of the rainfall events for the case study, which is consistent with the study by Nicholson (2017), who reported that the number of rainfall days is highly correlated with the rainfall totals at seasonal timescales. However, this is not true over Lake Victoria, as WD02 had more dry days compared with WD01, which resulted in higher dry biases. In a customization study considering several physics and parameterization options, it was noted that WRF suffered from the underestimation of rainfall over Lake Victoria (Argent et al., 2015), which was evident in the current study especially from Week 2 to Week 4. Lake Victoria is a key region for intense MCS that pose an interminable threat to navigation and fishing industries (Woodhams et al., 2019; Nicholson et al., 2021). Therefore, further study is required to improve the model outputs over this important ecosystem. Over East Africa, pronounced rainfall biases in WRF have been noted when sudden changes in synoptic conditions occurred (Opijah et al., 2014). For the current case study, there was a strong MJO during Week 2, while tropical storm Fakir was active during Weeks 3 and 4. Correspondingly, the biases are more pronounced over these periods, especially over the highlands around 37 °E longitude, indicating that further improvements are necessary.

In the current study, the coarse resolution domain and reference datasets (ARC2, CHIRPS, and TAMSAT) all had consensus depicting less than 10 dry days over the lake, while WD02 had more than 14 dry days. It is also understood that increased resolution does not necessarily result in improved simulation of rainfall over the LVB, since higher resolution domains, being computer-intensive, tend to have limited spatial extent, thus unable to effectively represent the synoptic conditions (Opio et al., 2020). In addition, we suggest that relatively coarse-resolution gridded datasets are not optimum for the verification of model outputs at scales generated in the current study. High-density station records, together with field campaigns (Munday et al., 2022), are critical inputs to facilitate the development of accurate high-resolution forecasting systems. Despite the rainfall biases, the diurnal cycle of low-level wind was best simulated by WD02. We note that the level of detail, hence utility, depends on the resolution of the model, which could have far-reaching consequences for operational forecasts. For instance, over Kisumu, WD01 presents calm conditions at 2 UTC, while WD02 indicates the presence of wind shears, which is a hazard for the aviation sector.

The 600 m elevation is the location where terrain constriction of winds leading to the formation of the Turkana Jet occurs (Kinuthia and Asnani, 1982). In the current results, both coarse and high resolutions support this earlier finding by indicating a consensus that rainfall is inversely proportional to altitude from 500 m to 1,100 m ASL. Despite contributing to significant moisture influx into the mainland from the Indian Ocean, the Turkana Jet is largely divergent, contributing to the notable aridity in eastern and northern Kenya (Indeje et al., 2001; Nicholson, 2016; Munday et al., 2022; Oscar et al., 2022). In contrast, the highlands had more rainfall events and higher maximum daily rainfall intensity compared with the surrounding, possibly due to additional orographic lifting enhancing convection (Kirshbaum et al., 2018). Herein, we note that CHIRPS, TAMSAT, and WD01 did not capture any extreme rainfall event for regions below the 600 m elevation. This shows that the influence of large mountains is reasonably resolved in simulations and datasets in the range of 5 to 12 km grids. WD01 further affirms the presence of the highest number of dry days over eastern and northern Kenya for regions constrained below the 600 m elevation. It therefore implies that only high-resolution models can detect extreme rainfall over the lowlands, as in the current case where WD02 detected approximately 2 days of rainfall above 50 mm. However, for elevations beyond 3,500 m ASL, precipitation is inversely related to altitude (Oettli and Camberlin, 2005), and this pattern could only be resolved by high-resolution models as indicated by WD02.

This study generated a benchmark sub-seasonal case study to showcase the potential added value of the adoption of convection-permitting WRF for operational forecasts over East Africa. Though coarse domains could only detect extreme rainfall events over highlands, our high-resolution setup overcame this bias. In addition, both the sub-seasonal variability of rainfall, though with some bias in magnitudes, was best simulated by the convection-permitting WRF setup, as well as the diurnal cycle of wind at two sampled airport stations. High-resolution WRF also showed the capability of resolving the contrasting profile of rainfall with elevation. Topography-sensitive bias correction techniques (Velasquez et al., 2020) and investment in computing resources, observation networks, and research toward the adoption of convection-permitting models would be beneficial for early warning applications related to extreme rainfall in East Africa.
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