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Eastern Africa is vulnerable to extreme climate events, including droughts and floods, which are expected to become more frequent and intense in the future. This paper evaluates the potential of solar radiation management (SRM) with stratospheric aerosol injection (SAI) to influence the projected climate, including extreme events, over the region. The study utilized climate simulation outputs from the Community Earth System Model version 2 with the Whole Atmosphere Community Climate Model (CESM2-WACCM6) to assess future climate changes under two scenarios: one without Solar Aerosol Injection (SAI) following the SSP2-4.5 emissions pathway, and another with SAI, based on the first set of simulations from the Assessing Responses and Impacts of Solar Climate Intervention on the Earth System with Stratospheric Aerosol Injection (ARISE-SAI) project. The analysis of model performance was conducted for the 1981–2010 period, while future changes were assessed over two climatological periods: the near-term (2035–2054) and the mid-term (2050–2069). Changes in extreme temperatures and rainfall events were evaluated using four extreme indices: two for temperature (WSDI and DTR) and two for rainfall (CDD and CWD). Additionally, the Standardized Precipitation-Evapotranspiration Index (SPEI) was used to assess changes in the frequency of extreme wet and dry events. In the historical period, there is good agreement between the observed and simulated data in representing the spatial distribution of temperature and rainfall over the region, despite the slight overestimation and underestimation by the model in some areas. The model effectively captures the seasonal cycles of rainfall and temperature over the cities of interest. Analysis of future projections indicates that temperatures are projected to rise consistently in the future under the SSP2-4.5 scenario. However, SAI produces a steady trend in the four cities, suggesting SAI’s potential to counteract warming in Eastern Africa. Rainfall is projected to increase in the equatorial region compared to the reference period, while other areas remain stable. ARISE-SAI shows higher increases in rainfall during the MAM season but lower increases during the JJAS and OND seasons compared to SSP2-4.5. Overall, the study’s findings suggest that SAI technology could have a clear effect in reducing temperatures in Eastern Africa, both in the near- and mid-term futures. However, its impact on rainfall varies by region and season, indicating that further simulations with a wider range of scenarios and analyses are required to assess the robustness of these results. The results of this study should be interpreted cautiously since they are specific to the approach of SAI applied, the modelling experiments employed, and the scenarios considered.
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1 Introduction

The fluctuating climate presents a growing concern across socio-economic and political fronts in Eastern Africa. While natural variability remains a significant driver of these fluctuations (Schreck III and Semazzi, 2004), there is mounting evidence that some observed changes, particularly in temperature and rainfall extremes, stem from anthropogenic influences (Palmer et al., 2023; Onyutha, 2020). Understanding these climate shifts relies heavily on high-quality observed climate records, although studies utilizing a combination of observed datasets and satellite rainfall estimates have revealed non-uniform changes, varying by location and season (Gebrechorkos et al., 2019). Additionally, it has been shown that many regions in Eastern Africa have already experienced notable increases in both maximum and minimum temperatures, with increases of 1.9 and 1.2°C, respectively (Gebrechorkos et al., 2019).

While it is important to monitor and understand trends in observed climate patterns, understanding the sustained impact of global warming on climate and its long-term repercussions is equally vital for effective long-term planning. Achieving this is currently possible using long-term climate projections simulations under carefully defined assumptions of the future (Moss et al., 2010; O'Neill et al., 2016). Many studies have delved into the impacts of varying degrees of global warming on climate. For instance, utilizing the Coordinate Regional Downscaling Experiment (CORDEX) Africa simulations, Nikulin et al. (2018) demonstrated pronounced regional warming surpassing global averages across much of Africa, with the most substantial increases occurring over subtropical areas and the least in many coastal regions. Their findings suggested an overall projection of increased precipitation accompanying the warming trend in parts of the central/eastern Sahel and Eastern Africa on annual timescales, despite a lack of model agreement.

Most studies suggest that continued global warming, particularly under a “business-as-usual” scenario, will result in higher temperatures and reduced precipitation in several regions, including Southern, West, and Eastern Africa (Maúre et al., 2018; Klutse et al., 2018; Haile et al., 2020). The projected intensified warming is expected to further affect intra-seasonal rainfall patterns (Osima et al., 2018; Gudoshava et al., 2020), potentially causing significant impacts on vital sectors like agriculture and food security in these areas.

Given the likelihood of exceeding the 2.0°C global warming target set by the international community, there’s growing recognition that traditional adaptation and mitigation strategies may not suffice to address the impacts of global warming (Ming et al., 2014; Iyer et al., 2015). A possible additional approach gaining attention involves the deployment of technology to offset increases in temperature by reducing incoming solar radiation, also referred to as solar geoengineering or Solar Radiation Management (SRM) (Mercer et al., 2011; Shepherd, 2009). Some SRM approaches, like the deployment of stratospheric aerosols, offer uniform distribution of effects on a large scale but entail potential uncertainties and risks such as changes to stratospheric ozone (Shepherd, 2009) and changes in atmospheric and stratospheric circulation (Bednarz et al., 2023; Tilmes et al., 2008; Visioni et al., 2020; Weisenstein et al., 2022). Nonetheless, a comprehensive understanding of the social and environmental impacts of these methods is crucial before considering large-scale deployment, to avoid unintended consequences.

For SRM, comprehensive assessment of its climate impacts, while minimizing atmospheric interference, relies on the utilization of Global Climate Models (GCMs). Ongoing research initiatives, such as the Geoengineering Large Ensemble (GLENS) and Assessing Responses and Impacts of Solar Climate Intervention on the Earth System (ARISE) projects employing the Community Earth System Model (CESM), and the Geoengineering Model Intercomparison Project (GeoMIP) simulations, are pivotal in this regard (Tilmes et al., 2018; Kravitz et al., 2021). Previous studies underscore the significance of the injection location for the Stratospheric Aerosol Injection (SAI) in mitigating greenhouse gas impacts. Optimal SAI injection across multiple locations (for example at 30°S, 15°S, 15°N, and 30°N) has shown promising results for enhanced cooling relative to aerosol injection at a single location at the equatorial regions, which tends to excessively cool the tropics compared to higher latitudes (MacMartin et al., 2017; Patel et al., 2023).

The impacts of SAI exhibit significant regional variability, yet research consistently indicates its potential to mitigate critical climate hazards, particularly those related to temperature, across most regions (Pinto et al., 2020; Patel et al., 2023). However, the effects on precipitation patterns are less uniform, showing notable regional and seasonal inconsistencies (Pinto et al., 2020; Patel et al., 2023). For instance, SAI is projected to reduce the maximum 5-day precipitation (Rx5day) in tropical regions, with a potential of exacerbating drought conditions in areas already prone to drought (Ji et al., 2018; Alamou et al., 2022; Obahoundje et al., 2023). Additionally, SAI is expected to influence the West African Summer Monsoon, with significant implications for precipitation in the southern Sahel and Western Africa (Da-Allada et al., 2020).

While SAI may effectively counteract some effects of climate change, such as rising temperatures and increased atmospheric evaporative demand, it could also introduce unintended consequences, including precipitation overcompensation (Simpson et al., 2019; Abiodun et al., 2021). These complexities highlight the need for continued research into the regional climate responses to SAI and its broader socio-economic impacts, particularly on critical sectors like agriculture across diverse geographical regions. Understanding these cascading effects is essential for developing informed strategies to address climate change while minimizing potential risks associated with geoengineering approaches like SAI.

This study investigates the potential influence of SAI on extreme precipitation and temperature across Eastern Africa, a region highly susceptible to climate change yet inadequately equipped to manage its effects. By examining the potential influence of SAI on extreme events with significant societal and environmental consequences, this research offers fresh insights into the broader implications of SAI in Eastern Africa, addressing gaps in previous studies that have primarily concentrated on its atmospheric implications.



2 Study area, data, and methodology

This section outlines the study area, followed by a detailed description of the datasets utilized and the analytical methods applied to achieve the study’s objectives.


2.1 Study area

Eastern Africa comprises the Greater Horn of Africa (GHA) region located between longitudes 22°E and 55°E and latitudes 12°S and 25°N, bordering the Indian Ocean on the east and characterized by complex topography consisting of elevated orography, the Great Rift Valley, large water bodies, and plains (Figure 1), which exert appreciable influence upon the mesoclimate (Mukabana and Pielke, 1996). Highland regions tend to be cooler and wetter than the low-lying plains. The highest annual total rainfall of more than 1800 mm is received over the western parts of Ethiopia and the Lake Victoria Basin cross-border areas. Conversely, parts of eastern and northern Kenya, eastern and southeastern Ethiopia, most of Somalia, Djibouti and Sudan receive rainfall below 800 mm per year; these areas are classified as arid and semi-arid.
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FIGURE 1
 The observed (obs) and model topography of the study region (in meters above Mean Sea Level), highlighting the locations of the cities Addis Ababa (A), Dar es Salaam (D), Kampala (K), and Nairobi (N) for observations (a) and model (b).


The comparison of the observed and modelled topography highlights key differences. The observed topography (Figure 1, left) captures finer details, including localized elevation variations and small-scale features, which are smoothed out in the model representation (Figure 1, right) due to its coarser resolution. As a result, the model may underestimate sharp elevation gradients and finer topographic features, potentially impacting climate and hydrological simulations in the region. These differences underscore the importance of considering resolution effects when interpreting model outputs and their implications for regional climate analysis.

The equatorial region receives most of its rainfall during the warm ‘long rains’ season from March to May (MAM) and the ‘short rains’ season from October to December (OND) (Okoola, 1989). In contrast, the June to September (JJAS) season is predominantly wet in the northern sector and parts of the western equatorial area, while remaining dry in most other regions of the GHA. The December to February (DJF) season is generally hot and dry, except for the southern parts of Tanzania. Figures 2a–d illustrates the percentage contribution of the MAM, JJAS, OND, and DJF seasonal totals, respectively, to the annual rainfall over the study area.
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FIGURE 2
 The percentage contribution of each season—(a) March-May (MAM), (b) June-September (JJAS), (c) October-December (OND), and (d) December-February (DJF)—to the total annual rainfall across the study area.


The weather and climate over the region are driven by the Inter-Tropical Convergence Zone (ITCZ), the orientation of easterly waves (Okoola, 1989), extra-tropical weather systems, intra-seasonal and inter-seasonal waves, jet streams (Kinuthia and Asnani, 1982), large scale monsoons, the continental low level trough, trade winds, tropical cyclones and storms, and teleconnections with global-scale climatic anomalies, including those associated with El Niño-Southern Oscillation (ENSO) (Ogallo, 1988; Indeje et al., 2000), global sea surface temperatures (SSTs), stratospheric quasi-biennial oscillations (QBO) (Indeje and Semazzi, 2000; Ogallo et al., 1994), solar and lunar forcing (Ogallo, 1988), and the interaction between the large-scale flows and mesoscale circulations (Mukabana and Pielke, 1996). While the study examined the broader Eastern Africa region, particular attention was given to four key cities—Addis Ababa (A), Dar es Salaam (D), Kampala (K), and Nairobi (A) (Figure 1)—due to their economic significance and the potential impacts of extreme weather events on these urban centers.



2.2 Data


2.2.1 Observed data

To evaluate the model performance in reproducing the observed rainfall and temperature characteristics over the study region, the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) version v2.0 (Funk et al., 2015) that combines the 0.05-degree resolution satellite imagery with in-situ station data was utilized as the reference data. The dataset spans from 1981 to the present and offers a comprehensive historical record of precipitation. The Climatic Research Unit (CRU) gridded observational dataset, produced from integrating over 4,000 weather stations located across the globe, was used as the reference for temperature. The CRU dataset is available at a resolution of 0.5° from 1901 to present (Harris et al., 2014). The model simulations for rainfall and temperature were regridded to align with the CHIRPS and CRU grids, respectively, to facilitate comparison.



2.2.2 Model data

The historical simulations used in this study were from the Community Earth System Model version 2 with the Whole Atmosphere Community Climate Model (CESM2-WACCM6), which is a cutting-edge climate model that simulates the Earth’s atmosphere (Gettelman et al., 2019). CESM2-WACCM6 predicts components in the atmosphere, land, ocean, sea-ice, land-ice, river, and waves at a horizontal resolution of 0.95° × 1.25° and 70 vertical levels. The historical model simulations used were based on the second realization (r2i1p1f1) of the CESM2 (WACCM6) (Gettelman et al., 2019).

The reference simulation uses the moderate Shared Socioeconomic Pathway (SSP) scenario of SSP2-4.5 (O'Neill et al., 2016), which marks a continuation of the Representative Concentration Pathway 4.5 (RCP4.5) scenario and is roughly consistent with current policy scenarios compared to the higher emission scenarios like the SSP5-8.5. A 5-member reference ensemble was carried out under the CMIP6 project for the years 2015–2,100 and an additional 5-member ensemble for the years 2015–2069 focusing on additional small temperature perturbations for each ensemble member at the first model timestep (Gettelman et al., 2019).

SRM climate intervention used the Assessing Responses and Impacts of Solar Climate Intervention on the Earth system (ARISE) simulations with Sulphur dioxide injections (Richter et al., 2022). ARISE-SAI is a 10-member ensemble of stratospheric aerosol injection (SAI) simulations that commence in 2035 with a target of maintaining global surface temperatures at 1.5°C above pre-industrial levels in combination with SSP2-4.5 emissions. The first five ARISE-SAI-1.5 simulations were initialized in 2035 with different land, ocean, sea-ice, and atmospheric conditions, and subsequent ensemble members initialized from the same initial conditions with a small temperature perturbation to the atmospheric initial condition to create an ensemble spread (Richter et al., 2022). SO₂ is injected at four locations (15°N, 15°S, 30°N, and 30°S) at a fixed longitude of 180° (Fasullo and Richter, 2023). However, the majority of the SO₂ is injected at 15°S, while the amounts at 15°N and 30°S are each one-third of that injected at 15°S. The injection at 30°N is the lowest among the four locations and gradually decreases to nearly zero by 2069 (Richter et al., 2022). The higher SO₂ allocation at 15°S compared to 15°N helps maintain the inter-hemispheric temperature gradient in the ARISE-SAI simulations (Henry et al., 2023).




2.3 Methods

A wide spectrum of statistical methods are used to evaluate the current and future characteristics of climate events, including extremes, over Eastern Africa and its four major megacities (labelled in Figure 1). All climate model data for both rainfall and temperature were interpolated to a common grid, like the observed CHIRPS dataset, using a bilinear interpolation technique. The analysis for the different cities was conducted by averaging several grid cells around each city.

The analysis focuses on the main rainfall seasons in the region, which include the March–April–May (MAM) season, the June–July–August–September (JJAS) season, and the October–November–December (OND) season, as well as the annual timescale. These periods correspond to the major seasonal rainfall patterns observed in the region, capturing both the long and short rainy seasons, which are critical for understanding precipitation variability and its impact on agriculture and water resources.


2.3.1 Temperature and rainfall extremes definition

Temperature and rainfall extremes were analysed using four annual extreme indices and the Standardised Precipitation-Evapotranspiration Index (SPEI) across both modelling setups. Two indices were employed for temperature extremes: the Warm Spell Duration Index (WSDI) and the Daily Temperature Range (DTR). WSDI measures consecutive days when the daily maximum temperature exceeds the local and seasonal 90th percentile, calculated using a 5-day moving window for both reference and future periods. DTR represents the mean difference between daily maximum and minimum temperatures.

An increase in DTR occurs when minimum temperatures decrease or maximum temperatures increase, or both occur simultaneously, suggesting an increase in cold nights, warm days, or both. Conversely, an increase in WSDI indicates a rise in daytime temperatures, which could contribute to a higher frequency or intensity of heat stress, with significant implications for human health and ecosystems.

For rainfall extremes, two indices were analyzed: Consecutive Dry Days (CDD) and Consecutive Wet Days (CWD). CDD represents the maximum number of consecutive days with less than 1 mm of precipitation, while CWD indicates the maximum number of consecutive days with more than 1 mm of precipitation. An increase in CDD suggests prolonged dry spells, whereas an increase in CWD indicates extended wet periods, both of which have significant implications for agricultural activities and food security. These indices were computed for each ensemble member, and ensemble means were then derived for both SAI and non-SAI simulations.

Additionally, the Standardized Precipitation Evapotranspiration Index (SPEI), which is an improvement on the multiscalar Standardised Precipitation Index (SPI), was used to assess the extremely wet and dry conditions (McKee et al., 1993; Vicente-Serrano et al., 2010). SPEI incorporates evapotranspiration into the SPI on multiple timescales, making it more suitable for climate change studies involving large temperature changes (Vicente-Serrano et al., 2010). SPEI is the difference between precipitation and potential evapotranspiration (PET) which is calculated using the simplified Thornthwaite approach. It ignores system characteristics and variables such as wind speed, surface humidity, and solar radiation. Rainfall can be classified as extremely wet, severely wet, moderately wet, normal, severe drought, and moderate drought, extreme drought (McKee et al., 1993; Danandeh Mehr et al., 2020; Lee et al., 2024; Table 1). This study assessed the projected changes in all drought and flood events falling in the severe and extreme categories based. The Standardized Precipitation Evapotranspiration Index (SPEI) is particularly valuable as it integrates additional datasets and relies solely on climatological information. However, its sensitivity to PET calculations, choice of SPEI probability distribution and the need for long baseline periods to accurately capture natural variability present certain challenges (Seiler et al., 2002; Schneider et al., 2013; Lee et al., 2024).



TABLE 1 Extreme event categories based on SPEI thresholds (Danandeh Mehr et al., 2020; Lee et al., 2024).
[image: Table1]



2.3.2 Box plot analysis

The box (or whisker) plot method (Williamson et al., 1989; Bruffaerts et al., 2014) was used to graphically assess the distribution of ensemble members around the ensemble mean value for the baseline period (2015–2034) in each modeling setup for the near- and mid-term periods. This technique displays the first, second (median), and third quartiles, along with the minimum and maximum values of the dataset. The mean for each ensemble member was extracted for the cities of Addis Ababa, Dar es Salaam, Kampala, and Nairobi. To handle outliers and anomalies, the resistant non-parametric exploratory data analysis technique (O'Connor and Reimann, 1993) was applied, ensuring unbiased selection of outlier values and class borders.





3 Results


3.1 Assessment of model performance in simulating observed rainfall and temperature patterns

In this section, we assess the performance of CESM2 (WACCM6) in simulating the observed climatology of rainfall and temperature characteristics over Eastern Africa. The assessment of rainfall and temperature for the baseline period is important because the accuracy and reliability of the future simulations of the rainfall and temperature pattern depend on how well the models capture the observed patterns.


3.1.1 Seasonal climatology and model Bias

The seasonal rainfall climatology and model biases over Eastern Africa is depicted in Figure 3, showing both the simulated and observed (CHIRPS) values for the period of 1981–2010, as well as their differences. Looking at the two different sets of plots side by side, we see that there is a fair amount of concordance in the places that receive the most rainfall. Even though the model slightly overestimates the rainfall intensity in some areas, the spatial distribution is generally satisfactory.
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FIGURE 3
 Observed (CHIRPS, top row: a-d) and simulated (middle row: e-h) seasonal rainfall climatology over Eastern Africa for the period 1981–2010 (in mm/day), with model-observation differences shown in the bottom row (panels i-l). The model demonstrates a strong alignment with the observed spatial distribution of high rainfall areas, though there is a slight tendency toward overestimation.


Figure 4 shows the observed (CRU) and simulated seasonal temperature for Eastern Africa for the years 1981–2010, as well as their differences. The spatial distribution of temperature across the study domain displays what the authors regard as a respectable level of consistency. The spatial distribution of temperature, in a broad sense, captures the influence of the topography of the study domain on temperature.

[image: Figure 4]

FIGURE 4
 Observed (CRU, top panel: a-d) and simulated (middle panel: e-h) seasonal temperature climatology over Eastern Africa for the period 1981–2010 (in °C), along with the differences between the model and observations (bottom panel: i-l). The spatial distribution of temperature across the study domain shows good agreement between the model and observed data.




3.1.2 Rainfall and temperature seasonality at City level

In this section, we present a grid cell-to-grid cell comparison between the CESM2 (WACCM6) model simulations and the CHIRPS data, specifically extracted for the four major Eastern Africa cities: Addis Ababa, Dar es Salaam, Kampala, and Nairobi. Figure 5 shows the long-term average annual rainfall cycle (mm/day) over Eastern African cities for the historical (1981–2010) and future (2035–2069) periods. The annual cycle is well captured for Addis Ababa, though the model slightly overestimates the observed rainfall values. For Nairobi, the model generally reproduces the observed bi-modal rainfall pattern. However, for Kampala, the model overestimates rainfall during both the MAM and OND seasons. In contrast, the model and observations for Dar es Salaam show good agreement. Future projections under SSP2-4.5 and ARISE-SAI indicate no substantial shifts in rainfall seasonality across the cities, apart from an increase in rainfall amounts during the Oct–Dec season.

[image: Figure 5]

FIGURE 5
 Monthly mean rainfall (mm/day) over the Eastern Africa cities (Addis Ababa, Nairobi, Kampala, and Dar es Salaam: panels a-d, respectively) for historical (1981 -2010) and future (2035 -2069) periods. Observations (CHIRPS) are shown in black, historical simulations (WACCM6) in red, SSP2-4.5 projections in blue, and ARISE-SAI projections in pink.


Figure 6 shows the performance of the WACCM6 model in simulating the mean annual temperature cycle over four Eastern Africa cities for the period 1981–2010, compared to CRU data, along with future projections under SSP2-4.5 and ARISE-SAI scenarios. The model accurately captures the annual cycle for Nairobi, Kampala, and Dar es Salaam, though it overestimates the observed temperature values for Nairobi and Dar es Salaam. Over Addis Ababa, the model also overestimates the observed temperature cycle. When comparing the historical average temperature cycle with future projections under SSP2-4.5 and ARISE-SAI, no significant changes in the temperature seasonality are observed across the cities. However, future temperatures are projected to be consistently higher than in the historical period for all months, with the temperature increase being more pronounced under SSP2-4.5 compared to ARISE-SAI.

[image: Figure 6]

FIGURE 6
 Monthly mean temperature (°C) over Eastern African cities (Addis Ababa, Nairobi, Kampala, and Dar es Salaam: panels a-d, respectively) for historical (1981–2010) and future (2035–2069) periods. Observations (CRU) are shown in black, historical simulations (WACCM6) in red, SSP2-4.5 projections in blue, and ARISE-SAI projections in pink.





3.2 Projected trends in rainfall and temperature

Figure 7 represents the time series of annual mean air temperature anomalies over the four major cities over Eastern Africa (Addis Ababa, Nairobi, Kampala and Dar es Salaam) for the period from 2015 to 2069 with reference to 2015–2034 for SSP2-4.5 and ARISE-SAI simulations. The model spaghetti shows a projected increase in temperature following the SSP2-4.5 scenario of about 1.5°C by 2069 across Eastern Africa. The greatest increase is over Addis Ababa (1.7°C), followed by Kampala (1.5°C), Nairobi (1.4°C) and Dares Salaam (1.25°C). In contrast, the ARISE-SAI simulations project no increase in mean annual temperature.
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FIGURE 7
 Projected annual mean temperature anomalies for Eastern Africa’s four major cities—Addis Ababa, Nairobi, Kampala, and Dar es Salaam: panels (a-d), respectively–from 2015 to 2069. Faint lines indicate individual ensemble members, while solid lines show the ensemble mean for the CESM2-WACCM6 model (red, 2015–2069) and the ARISE-SAI model (blue, 2035–2069).


The time series of year-to-year changes in rainfall (expressed as a percentage of the mean value for the baseline period) for the four major cities—Addis Ababa, Kampala, Nairobi, and Dar es Salaam—over the period 2015–2069 under SSP2-4.5 and ARISE-SAI (not presented) scenarios indicate that rainfall generally exhibits no consistent trend, with fluctuations occurring without a clear signal. Rainfall variability is projected to be highest in Nairobi, followed by Dar es Salaam. Additionally, a slight positive trend in rainfall changes is observed in Nairobi after 2050.



3.3 Projected changes in temperature and rainfall


3.3.1 Projected changes in temperature

Figure 8 depicts the projected changes in seasonal and annual mean temperature over Eastern Africa for the mid-term (2050–2069) with reference to the 2015–2034 baseline periods for the SSP2-4.5 and ARISE-SAI simulations. For the SSP2-4.5 simulations, the results show increased temperature projections for all seasons, ranging between 0.5°C and 2.0°C. These changes are statistically significant at the 95% confidence level. Overall, the largest projected increase is in the areas outside the equatorial parts of the region. During the MAM season, there is a projected increase in the mean seasonal temperature of about 1°C in the northern parts of South Sudan and the southern parts of Sudan, as well as the central parts of Ethiopia, northern Somalia and southern Tanzania. During the JJAS season, most of the region is projected to have an increase in temperature of 1.5°C, except for the northern portions of Sudan, which could experience a projected increase of up to 2°C. During the OND season, the equatorial portions are projected to experience increased temperature of 1.0°C, while the northern and southern portions of the GHA region are projected to experience an increase of up to 1.5°C. Considering the annual average, most parts of the northern and southern GHA are projected to experience an increase in temperature of up to 1.5°C.

[image: Figure 8]

FIGURE 8
 Projected temperature changes over Eastern Africa (future minus current) for the mid-term period (2050–2069), relative to the baseline period (2015–2034). The top row presents results for the SSP2-4.5 scenario, and the bottom row shows the geo-engineered simulations. Columns represent March–May (MAM), June–September (JJAS), October–December (OND), and annual averages. Hatched areas indicate regions with statistically significant changes at the 95% confidence level.


The ARISE-SAI simulations show a projected decrease in temperature (statistically significant at 95% confidence level) during the MAM season of between 0.25°C and 1°C in parts of northern Kenya, southern portions of South Sudan, and the highland portions of Ethiopia; the rest of the region is projected to experience no change in temperature during the season. There is a projected increase in temperature of up to 0.5°C in most parts of Uganda, South Sudan, and central Sudan during the JJAS season; northern parts of Sudan are projected to experience an increase of up to 1°C. During the OND season, most parts of Sudan are projected to experience an increase in temperature of up to 0.5°C in the southern portions and up to 1.0°C in the northern parts. Annually, only the northern part of Sudan is projected to experience an increase in temperature of up to 0.5°C.

The results for the near-term future period (2035–2054) differ significantly in magnitude from those of the mid-term future. While the ARISE-SAI simulations do not fully offset the effects of climate change, they suggest that seasonal mean temperatures over the Greater Horn of Africa (GHA) may be effectively mitigated within this modelling scenario.

During the near term, ARISE-SAI projections indicate no temperature change in the MAM season compared to the baseline period. However, during JJAS, temperatures are projected to increase by up to 0.5°C over parts of northern Sudan and most of South Sudan. In OND, a similar temperature rise of approximately 0.5°C is expected over Sudan. On an annual timescale, temperature increases of up to 0.5°C are also projected over northern Sudan and southern Tanzania.



3.3.2 Projected changes in rainfall

The projected changes in seasonal and annual mean rainfall over Eastern Africa for the mid-term (2050–2069) with reference to the 2015–2034 period for the normal SSP2-4.5 simulations and the geo-engineered simulations are shown in Figure 9.
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FIGURE 9
 Projected rainfall changes over Eastern Africa (future minus current) for the mid-term future period [2050–2069], relative to the baseline period (2015–2034). The top row (panels a-d) shows projections under the SSP2-4.5 scenario, while the bottom row (panels e-h) shows results from the geo-engineered simulations. Columns represent March-May (MAM), June-September (JJAS), October-December (OND), and annual averages. Hatched areas indicate regions where changes are statistically significant at the 95% confidence level.


SSP2-4.5 simulations show increased rainfall over most of the region during the MAM season, with the highest values of up to 50% over the Horn of Africa. MAM is the main rainfall season for the equatorial eastern Africa, and the increase in rainfall over the equatorial parts of the region is statistically significant at the 95% confidence level. During the JJAS season, which is the main rainfall season in the northern sector, there is a projection of significant increase in rainfall over the Horn of Africa covering mainly southern Ethiopia, Somalia and eastern Kenya of up to 50%. However, rainfall is projected to decrease over the central and eastern parts of Sudan, northern parts of Ethiopia, most of Eritrea, Djibouti, as well as the border region of Kenya and Uganda. During the OND season, the second rainfall season for equatorial Eastern Africa, most parts of the region are projected to experience increased rainfall except in the southern parts of Tanzania which is projected to experience a decrease in rainfall by up to 10%. The increase in rainfall over the equatorial parts of the region is statistically significant at 95% confidence level. Overall, on an annual timescale, the equatorial region is projected to experience a statistically significant increase in rainfall at the 95% confidence level.

The ARISE-SAI simulations show a substantial increase in rainfall during the March–April–May (MAM) season across much of the region. Not only is the rainfall more widespread compared to the SSP2-4.5 scenario, but it is also heavier and statistically significant in most areas, except for Tanzania, where rainfall remains constant or decreases slightly. Given the critical importance of the MAM season for agriculture in the region, the impacts of increased rainfall on food security will depend on the spatial distribution and intra-seasonal characteristics of the rainfall. While increased rainfall could enhance crop yields, it could also be detrimental if it disrupts the planting cycles or triggers flooding.

During the JJAS season, the rainfall is projected to decrease over the western and southern Tanzania by up to 50%, except for the eastern part of Kenya, and the entire Somalia, with increased rainfall of up to 50% projected. During the OND season, the rainfall is projected to decrease over most of Tanzania, especially over the southern part where a decrease of up to 50% is projected. There is a projected increase in rainfall of up to 25% over Kenya and Somalia, but the rainfall over Uganda, northern Tanzania and most of South Sudan remains unchanged. The rainfall over Sudan is projected to increase by as much as 75% in the northern parts of the country. Annually, significant increases in rainfall are projected across most parts of the region, with the most substantial rise—approximately 50%—projected over the Horn of Africa. Conversely, southern Tanzania is expected to experience a decrease in rainfall during the same period. These changes vary in both magnitude and spatial extent compared to the near-term future period. In general, regions projected to experience a decrease or increase in rainfall during the near term under both scenarios are expected to see an intensification in both magnitude and spatial coverage in the mid-term future period.




3.4 Projected temperature and rainfall extremes


3.4.1 Temperature extremes

The spatial patterns of the projected changes in the annual mean Daily Temperature Range (DTR) and Warm Spell Duration Index (WSDI) for the near-term period (2035–2054) and the mid-term period (2050–2069) relative to the baseline period (2015–2034) under the SSP245 and ARISE-SAI modelling scenarios (not provided) suggest that the projected near-term and mid-term changes in both DTR and WSDI across the region are not significant under both scenarios and may be attributed to random noise in the data. There is however a reduction in WSDI across the region under the ARISE-SAI scenario, which is consistent with the findings of Ji et al. (2018) of projected decrease in WSDI over the tropics.



3.4.2 Rainfall extremes

Figure 10 presents the spatial patterns of the mean consecutive dry days (CDD) and consecutive wet days (CWD) for the baseline period (2015–2034) and the projected changes in the mid-term (2050–2069) under two scenarios: with SRM intervention (ΔARISE[SAI]) and without intervention (ΔSSP2_4.5). The mid-term projections are compared relative to the baseline period.
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FIGURE 10
 Rainfall extremes depicting the climatology for Consecutive Dry Days (CDD) and Consecutive Wet Days (CWD) as simulated by the raw model (first column: panels a,d). Projected future changes in CDD and CWD are shown for both raw model simulations (second column: panels b,e) and simulations with solar radiation management (SRM) intervention (third column: panels c,f) for the mid-term period (2050–2069). Results are presented as ensemble means. Hatched areas indicate regions where changes are statistically significant at the 95% confidence level.


The spatial patterns during the baseline period (Figure 10a) indicate that the highest values of CDD are projected for much of Sudan, Djibouti, eastern Ethiopia, most of Somalia, eastern Kenya, and western Tanzania. These areas largely overlap with the region’s arid and semi-arid lands. Conversely, low CDD values are simulated for western Ethiopia, southern South Sudan, much of Uganda, western and coastal Kenya, and eastern Tanzania. Under the SSP245 scenario (Figure 10b), projected changes in CDD suggest a possibility of a significant reduction of CDD by over 3 days in central Ethiopia, coastal parts of Tanzania, Kenya, and Somalia, as well as Eritrea and northern parts of Sudan. Under the SAI scenario (Figure 10c), most of the northern and coastal parts of the region are projected to experience a significant reduction in CDD of more than 3-days. Conversely, a significant increase of between 3 and 11 days in CDD is projected for much of the southwestern parts of the region as well as a few areas in northern Kenya.

The mean spatial patterns of the baseline period for consecutive wet days (CWD), Figure 10d shows that the Ethiopian highlands are simulated to receive the highest number of CWD in the region, followed by western Uganda, Rwanda, Burundi, and northwestern Tanzania. Under the SSP245 scenario, projected changes in CWD indicate a significant decrease of up to 10 days over northwestern Ethiopia, as well as some localized areas in western Sudan and South Sudan. In contrast, areas around the Turkana Low-Level Jet stream exit region, in southeastern South Sudan, much of southern Ethiopia, most of Kenya and Somalia, and northern Tanzania near the Mt. Kilimanjaro region are projected to experience notable increases in CWD, ranging between 1 and 5 days (Figure 10e). However, the most striking impact of SAI is projected in northwestern Ethiopia, with significant decrease in CWD under SSP245 scenario, is not evident. Additionally, much of eastern Kenya and the Horn of Africa region are projected to experience significant increases in CWD (Figure 10f). Generally, the projected changes in both CDD and CWD during the near-term period are likely to intensify in magnitude and expand over a larger spatial extent by the mid-term period under both scenarios.




3.5 Ensemble spread in rainfall and temperature extremes

The spatial plots of rainfall and temperature extremes were based on ensemble means, which do not capture the detailed variations within each ensemble member. To evaluate the spread among ensemble members, boxplots were utilised. The results of this assessment are shown in Figure 11 illustrating the projected changes of the mid-term period relative to the baseline period as simulated by the SSP245 and ARISE-SAI. A similar analysis was conducted for the near-term period; however, the results are not shown, as no significant signals were observed.
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FIGURE 11
 Box plots showing the range of projected changes in extreme climate events for the mid-term future period (2050–2069), relative to the baseline period (2015–2034) across four Eastern African cities: Addis Ababa, Dar es Salaam (Dar), Kampala, and Nairobi. Panels illustrate changes in (a) Consecutive Dry Days (CDD), (b) Consecutive Wet Days (CWD), (c) Warm Spell Duration Index (WSDI), and (d) Daily Temperature Range (DTR). Projections from SSP2-4.5 simulations are represented in sage green boxes, while ARISE-SAI simulations are represented in green boxes.


In the mid-term future period, most ensemble members project a decrease in CDD under both SSP245 and ARISE-SAI scenarios for Addis Ababa and Dar es Salaam, as shown in Figure 11a. The spread among ensemble members is widest for Nairobi when simulating CDD under both scenarios. Conversely, the spread for CWD is widest in Addis Ababa compared to the other three Eastern Africa cities (Figure 11b), a trend consistent with near-term simulations.

For temperature extremes, most ensemble members under the SSP245 scenario consistently project an increase in the WSDI for Addis Ababa and Nairobi, but a decrease for Dar es Salaam and Kampala, as illustrated in Figure 11c. Under the ARISE-SAI scenario, the spread among ensemble members is particularly wide for Addis Ababa and Nairobi. Except for Nairobi, most ensemble members simulate higher DTR under the SSP245 scenario compared to ARISE-SAI, as depicted in Figure 11d. Across all cities, all ensemble members under the ARISE-SAI scenario projects a decrease in DTR.



3.6 Projected changes in the frequency of severe and extreme rainfall events

The Standardized Precipitation-Evapotranspiration Index (SPEI) was calculated for each of the ensemble members under both the SSP2-4.5 and ARISE-SAI scenarios, focusing on the major cities in Eastern Africa: Addis Ababa, Dar es Salaam, Kampala, and Nairobi. Figure 12 illustrates the results of the projected changes in the near-term future period, while Figure 13 shows the corresponding outcomes for the mid-term future period.
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FIGURE 12
 Projected changes in wet and dry events based on the SPEI categories for severe and extreme under the SSP2-4.5 and ARISE-SAI simulations for the near-term future period (2035–2054), relative to the baseline period (2015–2034) across four Eastern African cities: Addis Ababa, Dar es Salaam (Dar), Kampala, and Nairobi. Panels illustrate changes in frequency of wet events for SSP2-4.5 and ARISE-SAI scenarios (a,b respectively) and dry events for SSP2-4.5 and ARISE-SAI scenarios (c,d respectively).
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FIGURE 13
 Projected changes in wet and dry events based on the SPEI categories for severe and extreme under the SSP2-4.5 and ARISE-SAI simulations for the mid-term future period (2035–2054), relative to the baseline period (2015–2034) across four Eastern African cities: Addis Ababa, Dar es Salaam (Dar), Kampala, and Nairobi. Panels illustrate changes in frequency of wet events for SSP2-4.5 and ARISE-SAI scenarios (a,b respectively) and dry events for SSP2-4.5 and ARISE-SAI scenarios (c,d respectively).


The results for the near-term future period project an increase in severe and extreme wet events in Nairobi and Addis Ababa, while a decrease is projected in Kampala and Dar es Salaam under the SSP2-4.5 scenario (Figure 12a). Conversely, the ARISE-SAI scenario has no impact on the projected frequency of extreme wet events in Nairobi. In contrast, for cities such as Kampala and Addis Ababa, the frequency of extreme wet events is projected to remain comparable to the baseline period under ARISE-SAI. For Dar es Salaam, the projected decrease in wet event frequency under ARISE-SAI will be half of that projected under SSP2-4.5 (Figure 12b). Meanwhile, severe and extreme dry events are projected to increase under both scenarios, with Addis Ababa expected to experience more frequent dry events under SSP2-4.5 (Figure 12c). However, under the ARISE-SAI scenario, all cities are projected to experience an increase in dry events, except Addis Ababa, which is projected to experience a reduction in the frequency of dry events (Figure 12d).

For the mid-term future period, most cities are projected to experience an increase in the frequency of severe to extreme wet events under the SSP2-4.5 scenario, except for Dar es Salaam (Figure 13a). Under the ARISE-SAI scenario, a similar pattern is projected across all cities, though with a reduced magnitude, except for Dar es Salaam, where the projected decrease in wet events is more (Figure 13b). For severe to extreme dry events, SSP2-4.5 projections indicate an increase in two of the four cities—Dar es Salaam and Addis Ababa—while Nairobi is expected to experience a decrease, and Kampala is projected to experience a frequency comparable to the baseline period (Figure 13c). In contrast, under the ARISE-SAI scenario, a decrease in severe to extreme dry events is projected across all cities except Addis Ababa, where the increase is expected to be nearly half of that projected under SSP2-4.5 (Figure 13d).

Overall, the findings suggest that SRM may have a moderating effect on the frequency of severe and extreme wet and dry events. However, the impact is not uniform across all cities, as SRM could increase these events in some areas while reducing them in others. The reduction (increase) in wet (dry) events in certain cities may be linked to decreased evapotranspiration caused by SRM-induced cooling, as observed by Abiodun et al. (2021). These results are consistent with Coughlan de Perez et al. (2022), who found that geoengineering could intensify drought conditions in parts of East Africa. Abiodun et al. (2021) also noted that the level of SAI needed to counteract temperature changes may overcompensate for precipitation effects, particularly in tropical regions.




4 Conclusion

This study investigates the potential effects of Solar Radiation Management (SRM) using Stratospheric Aerosol Injections (SAI) on the climate of Eastern Africa focusing on four urban centers (Addis Ababa, Dar es Salaam, Kampala, and Nairobi). We analyzed climate simulations from the Community Earth System Model with the Whole Atmosphere Community Climate Model [CESM2(WACCM6)] with and without SAI under the SSP2-4.5 emissions scenario using the Assessing Responses and Impacts of Solar climate intervention on the Earth system with stratospheric aerosol injection (ARISE-SAI) simulations to assess the projected changes.

The CESM2 (WACCM6) model was evaluated for its ability to represent observed climatic conditions over the region during the period 1980–2010, prior to its use for future projections. The results demonstrate a good agreement between the model and observed data in capturing the spatial distribution of rainfall and temperature, with topography playing a significant role. The seasonal cycles of both rainfall and temperature are well represented for the four cities analyzed. While the model performs reasonably well overall, it tends to overestimate rainfall for Addis Ababa and Kampala, as well as temperature values for Nairobi, Dar es Salaam, and Addis Ababa. Despite these biases, CESM2 (WACCM6) effectively captures the spatial distribution of extreme precipitation indices (CDD, CWD, SPEI) and extreme temperature indices (DTR, WSDI) considered in this study.

As expected, the results indicate that SAI could help stabilize surface temperatures near historical averages. Projected changes in annual mean temperatures for Eastern Africa in the mid-term (2050–2069), relative to the 2015–2034 baseline, show that SSP2-4.5 simulations project temperature increases of up to 1.5°C, while ARISE-SAI simulations project no significant changes in most parts of the region. In addition, ARISE-SAI projects a general spatial decrease in both the Daily Temperature Range (DTR) and the Warm Spell Duration Index (WSDI) throughout the simulation period (2035–2069) relative to SSP2-4.5 alone. However, ARISE-SAI simulations show a larger spread in the changes in WSDI, and an inconsistent direction of change across the four major cities.

Projected changes in precipitation do not show a conclusive finding under the ARISE-SAI scenario with respect to the SSP2-4.5 scenario alone. On an annual timescale, both SSP2-4.5 and ARISE-SAI simulations project a significant increase in rainfall over the equatorial parts of the region in the mid-term (2050–2069), relative to the 2015–2034 baseline. ARISE-SAI projects greater variability in the number of CDD and CWD across model members. Furthermore, ARISE-SAI projects considerable increases in CDD north of 3°N, and a significant increase in CWD over northwestern Ethiopia, relative to SSP2-4.5 with considerable implications for agriculture. Although no uniformity was observed across all cities, SRM intervention was found to generally have an impact on modulating the frequency of severe to extreme wet and dry events which can be attributed to decreased evapotranspiration Abiodun et al. (2021).

The study suggests that SRM with SAI technology could have a significant impact on temperature, rainfall, and extreme weather events in the Greater Horn of Africa (GHA) region, both in the near- and mid-term futures. While the analysis was based on a single set of simulations (ARISE-SAI), the findings indicate that SAI could mitigate temperature increases, but its effects on the precipitation patterns remain uncertain. These outcomes should be interpreted with caution when informing policy decisions, and further research incorporating a wider range of scenarios is crucial since the results are specific to the approach of SRM applied, the modelling experiments employed, and the scenarios considered.
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