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Abstract

This study evaluates the potential of solar radiation management (SRM) to mitigate projected increases
in rainfall and flood risk across four major urban centers in Eastern Africa. Flood dynamics under
historical and future climate conditions were simulated using the Rainfall-Runoff-Inundation (RRI)
model. Observed hydrological conditions were established using daily precipitation from the Cli-
mate Hazards Group Infrared Precipitation with Stations (CHIRPS), together with hydrological and
topographic datasets. Future flood projections and associated impacts were derived from climate
simulations produced by the Whole Atmosphere Community Climate Model version 6 (WACCMS6)
and solar climate intervention experiments from the Assessing Responses and Impacts of Solar climate
intervention on the Earth system with Stratospheric Aerosol Injection (ARISE-SAI) framework, both
forced by the Shared Socioeconomic Pathway SSP2-4.5. Model performance was evaluated using the
Nash-Sutcliffe efficiency (NSE), coefficient of determination (R2), root mean square deviation (RMSD),
and peak discharge error (PDE). The RRI model reproduced observed river discharge with reasonable
skill, exhibiting lower RMSD and PDE values for the Ethiopian catchment compared to those in Kenya
and Tanzania. Results indicate that SRM implemented through stratospheric aerosol injection (SAI)
can reduce peak inundation depths and the spatial extent of flooding in selected flood-prone areas of
Dar es Salaam and Addis Ababa. These reductions correspond to a decrease in the projected exposure
of populations and critical infrastructure to flood hazards. While the findings suggest that albedo-
based solar geoengineering may moderate flood impacts in some Eastern African cities, uncertainties
remain, particularly in the representation of convective rainfall processes and the reliance on a single
hydrological modeling framework in this study. Further research using improved climate simulations
and ensemble-based hydrological approaches is recommended.

Keywords: Eastern Africa, SRM, WACCM, ARISE-SAI, RRI, inundation, flood.

1. Introduction

Changes in extreme climate events have been linked to a range of socioeconomic impacts across
both global and local scales [1]. While some of these changes can be attributed to the natural variability
of the climate system [2], the growing influence of anthropogenic forcing has intensified both the
frequency and severity of these events [3,4]. The resulting impacts are being felt worldwide, with
particularly severe consequences in already vulnerable communities. Climate model projections
suggest that extreme events will continue to increase in both intensity and frequency in the future
across different regions [5,6]. Among these, extreme precipitation leading to flooding is of particular
concern—estimated to affect between 1.2 and 1.6 billion people globally between 2010 and 2050 by for
example increasing their food insecurity [7].
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Flooding in Eastern Africa has been associated with substantial socio-economic losses and
widespread environmental degradation, including disruptions to ecosystems and biodiversity [8].
The risk is particularly pronounced in major urban centers, where the expansion of impermeable
surfaces—especially in densely populated suburban areas—reduces natural infiltration, increasing
the likelihood of surface runoff and flash flood risks [9,10]. With urban populations across Africa
projected to rise sharply by 2100, and with increasingly intense wet seasons marked by heavy rain-
fall [11-13], changes in land cover and urban surface characteristics are expected to intensify urban
flooding challenges. Flash floods are also prevalent in rural areas—particularly in arid and semi-arid
regions—where human-induced landscape changes exacerbate flood risks [14].

For effective adaptation planning, it is essential to understand potential future hydrological ex-
tremes, given their significant global impacts [15]. Unlike temperature projections—which consistently
show an upward trend—rainfall projections remain highly uncertain across climate models, emission
scenarios, and future time horizons, posing a major challenge in quantifying future hydrological
extremes [14]. Nonetheless, CMIP6 model outputs project annual rainfall increases of up to 35% in
countries such as Ethiopia, Uganda, and Kenya, which could substantially affect streamflow and
intensify hydrological extremes across much of Eastern Africa. These changes are expected to have
wide-ranging impacts on the region’s agriculture, water resources, and energy sectors [16].

Projections indicate that a global temperature increase of 1.5°C above pre-industrial levels could
result in economic losses of approximately USD 1.4 trillion annually (equivalent to 0.25% of global
GDP) due to sea level rise-induced flooding. At a 2.0°C warming level, these losses are expected to
rise sharply, reaching between USD 14 trillion and USD 27 trillion per year by 2100 [17]. Committing
to a 2.0°C pathway, rather than limiting warming to 1.5°C, is also projected to increase the frequency
of extreme flows in large catchments worldwide [18]. Although there are still large uncertainties
associated with these modelling scenarios, the outcomes underscore the urgent need for coordinated
global efforts to limit warming to below 1.5°C levels.

Methods for addressing the impacts of climate change are generally categorized into mitigation,
adaptation, greenhouse gas (GHG) removal, and solar geoengineering—each with distinct costs, cli-
mate impacts, and associated social, economic, and political considerations [19]. Solar geoengineering
refers to deliberate interventions in the Earth’s radiative balance to counteract some effects of climate
change. Techniques under this category include marine cloud brightening (MCB), stratospheric aerosol
injection (SAI), cirrus cloud thinning (CCT), surface-based albedo modifications, and space-based
approaches [20-25]. Among these approaches, SAI has attracted the greatest attention, partly due to
the modelling environment in which it is studied and the significant public debate it has generated
regarding its potential climatic, environmental, and socio-political implications [20].

Numerous studies have examined the global and regional climatic responses to SAI and its broader
implications for key socio-environmental sectors [26-30]. Evidence from both global and regional
scales generally supports the potential of SAI to reduce surface warming; however, its impacts on
precipitation remain highly uncertain [28,29]. Several studies suggest a tendency for SAI to suppress
land-based rainfall, particularly in monsoon-dominated regions [31]. [30] demonstrated that SAI
could reduce flood risk in many regions worldwide, likely due to its suppression of the hydrological
cycle—manifested as reductions in mean precipitation—resulting from stratospheric warming via
longwave radiation absorption [32,33].

While Solar Radiation Management (SRM) has been proposed as a potentially viable strategy
to mitigate some adverse impacts of global warming and extreme climate events [30], its capacity to
alleviate or exacerbate projected flood risks in Eastern Africa remains underexplored. This study seeks
to address this gap by employing climate model simulations to evaluate the contribution of rainfall
extremes to present and future flood hazards in major urban centres across Eastern Africa, under
scenarios both with and without SRM deployment.
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2. Data and Methods
2.1. Area of Study

This study area covers four urban catchments; each located in a rapidly expanding capital city
within East Africa. These sites were selected based on their hydrological importance, flood risk, and
socio-environmental complexity. The Nairobi River Catchment in Nairobi, Kenya, originates from
the Ondiri Swamp in Kikuyu and flows eastward through the city, eventually joining the Athi River.
It consists of several tributaries, including the Ngong, Mathari, and Gitathuru Rivers, with narrow
channels and canalized sections traversing the central business district [34,35]. The Msimbazi River
Catchment in Dar es Salaam, Tanzania, begins in the Pugu Hills and passes through the Ilala and
Kisarawe local government areas before discharging into the Indian Ocean near Selander Bridge. This
area features a densely populated floodplain with essential transport infrastructure and was historically
protected by a wetland buffer zone. The Nakivubo Channel Catchment in Kampala, Uganda, serves
as the main drainage system through the city’s commercial core and was originally engineered for
flood mitigation. It operates as an open trench receiving stormwater, sewage, and industrial effluent.
Lastly, the Big Akaki River Catchment in Addis Ababa, Ethiopia, rises in the Ethiopian Highlands,
flows through Addis Ababa, and merges with the Awash River. It includes both the Little and Great
Akaki tributaries, covers an area of approximately 1,682 km?, and is crucial for urban water supply
and the biodiversity of the Akaki—Aba-Samuel wetlands.

All the four East Africa cities have experienced periodic flooding, largely attributed to geographic
location as well as rapid urbanization, Figure 1. The cities are situated in regions which are susceptible
to very heavy seasonal rainfall, often leading to rivers overflowing.
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Figure 1. Topography and the location of cities of Addis Ababa (A), Kampala (K), Nairobi (N), and Dar es Salaam (D).
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2.2. Rainfall, Discharge and Water Level Reference Data

To accurately simulate flooding scenarios in the selected East African cities, this study adopted a
multi-faceted approach integrating climate, hydrological, and topographical datasets. The quasi-global
Climate Hazards Group Infrared Precipitation with Stations (CHIRPS) dataset was employed both to
evaluate climate model performance and to initialize the hydrological model at five representative
points within each of the four cities. CHIRPS provides a high-resolution (0.05°) daily gridded rainfall
time series that blends in-situ station observations with satellite-derived estimates, spanning 1981 to
the near-present and covering latitudes from 50°S to 50°N. This dataset is widely used for analysing
rainfall variability, detecting long-term trends, and monitoring seasonal droughts [36]. River discharge
and water level data were sourced from the Ministry of Water of Ethiopia, the Water Resources
Authority of Kenya, and the Ministry of Water of the United Republic of Tanzania.

2.3. Elevation, Land Cover, and River Channel Geometry

Flow direction, flow accumulation, and digital elevation model (DEM) datasets were acquired
from the United States Geological Survey (USGS) Earth Explorer platform (https://earthexplorer.
usgs.gov/) at a spatial resolution of 1 arc-second ( 30 m). Land cover classification was derived
from the Global Land Cover Characterization (GLCC-V2) dataset, reclassified into three aggregated
categories—cropland and pasture, forest and woodland/grassland mosaic, and water bodies—out of
the nine original GLCC-V2 classes. This reclassification provided the basis for parameterising surface
and subsurface hydrological processes in accordance with the Green—-Ampt infiltration approach
(Richards, 1931). For the hydraulic geometry, a rectangular channel cross-section was assumed, with
embankment height set to zero, river widths and depths were estimated from Google Earth Pro imagery.
Figure 2 presents the DEM for the study areas, which was used to delineate catchment boundaries and
used to derive hydrodynamic modelling parameters such as flow direction and accumulation.
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Figure 2. Digital elevation data for the major cities in the study area: Addis Ababa (first row), Nairobi (second
row), Kampala (third row), and Dar es Salaam (fourth row). The left, middle and right panels show, respectively,
the adjusted digital elevation model data, the flow direction, and the flow accumulation.
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2.4. Downscaling of Climate Projections

The climate projection dataset was statistically downscaled using a quantile mapping (QM)
technique to improve its spatial fidelity and ensure its suitability for local-scale hydrological modelling.
The method adopted was a distribution-based, direct, and parameter-free quantile mapping approach
following the formulation of [37]. Quantile mapping was implemented at a daily time step () for each
grid cell (i), yielding a bias-corrected time series Y or according to Equation 1. The correction was
applied individually to each grid point using a correction function (CF) derived from the deviation
between the observed and modelled inverse empirical cumulative distribution functions (ecdf) for
the corresponding day of year (doy) within the calibration period (cal), at a given probability P

(Equation 2).
YT = X[ + CH @
CFy; = ecdfos™ " — ecdfTod " (Py)) @)
b= ecdfgfy‘?fal(X;aiW) 3)

The probability P is derived by mapping the raw climate model output (X"™W) to its correspond-
ing inverse empirical cumulative distribution function (ecdf) computed over the calibration period
(Equation 3). The day-of-year (doy) is centred within a 31-day moving window, which is employed to
construct a distinct ecdf for each doy to account for intra-annual variability. All statistical downscaling
and bias correction procedures were implemented using the Xclim climate data processing library
in Python v3.1 [38]. The two datasets were each subset into two: 1981-2010 and 2011-2015 (the fit
and test periods respectively). The downscaling methodology was based on the empirical quantile
mapping (EQM), through the Xclim Python package, applied to each month and grid ([39]) (Logan, et
al., 2022). This was only possible after interpolating the model data onto the observed (CHIRPS) grid
using bilinear interpolation method. The bias-corrected data was used in the analysis of flash flood
scenarios in the three East African Cities.

2.5. Rainfall-Runoff Inundation Modelling

The two-dimensional Rainfall-Runoff-Inundation (RRI) model provides a physically based frame-
work for simulating hydrological and flood processes by resolving surface flow, vertical infiltration,
lateral subsurface flow, and riverine flooding within a gridded domain [40,41]. The model distin-
guishes between slope and channel processes, discretising river channels along the centreline of each
grid cell while accounting for the overlying slope. Flow dynamics in the slope and channel components
are represented using discretised two- and one-dimensional diffusive wave formulations, respectively,
based on the conservation of mass and momentum for gradually varied unsteady flows [42,43].

The Rainfall Runoff Inundation (RRI) model, a two-dimensional hydrological model, is specifically
designed to simulate both rainfall and runoff processes simultaneously across complex terrains. By
incorporating the interactions between precipitation, surface flow, and river discharge, the RRI model
provides detailed spatial and temporal patterns of inundation, making it an asset for flood risk
assessment in urban and peri-urban settings.

The RRI model has been widely applied across diverse hydrological settings. For example, [44]
demonstrated its utility in simulating flood inundation in the Upper Citarum River watershed in
West Java, Indonesia, where inundation extent was reproduced satisfactorily however, they showed
that simulated discharge exhibited discrepancies attributable to uncertainties in observed records and
limitations in initial condition data. Similar strengths have been reported in other regions, including
Pakistan [41], Sri Lanka [45], and Thailand [46], where the model consistently reproduced inundation
extent with reasonable accuracy. Nonetheless, several studies have emphasized its limitations, particu-
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larly in reproducing inundation depth and discharge, due in part to the omission of evapotranspiration
processes [46].

As the RRI model is inherently event-based, its application is constrained to relatively short
simulation periods, typically not exceeding 90 days. To address this limitation, key flood-contributing
events were identified within both the historical and projection datasets to optimize computational ef-
ficiency and focus resources on the most critical periods. Specifically, the maximum daily precipitation
during the principal rainfall seasons of each study city was used as a trigger event: March-May for
Kenya and Uganda, July-September for Ethiopia, and March-May for Tanzania. Thirty-day windows
centred on these maximum precipitation events were subsequently extracted from a climatological
period (30 years) and used for model simulations in both historical and future scenarios.

To reduce the dimensionality of the simulation outputs, the ensemble mean, and standard
deviation of inundation extent were computed for both the stratospheric aerosol intervention (SAI)
and non-SAI experiments. Spatial variability within the ensemble was quantified through the standard
deviation of inundation depth across ensemble members for each experimental configuration.

Model performance was evaluated by assessing the ability of the RRI model to replicate observed
river discharge. Several statistical metrics were employed to ensure a comprehensive evaluation: the
Nash-Sutcliffe Efficiency (NSE), which measures the proportion of residual variance relative to the
observed variance; the coefficient of determination (R?) as a measure of collinearity [47]; the index of
agreement, which accounts for proportional differences between observed and simulated values [48];
and the root mean square deviation (RMSD), which captures the average magnitude of prediction
errors. In addition, the peak discharge error (PDE) was calculated as the percentage difference between
observed peak discharge (Q,) and simulated peak discharge (Qs) (Equation 4).

ppE = 2= 199 (4)

Qo

Flood inundation risk assessment was conducted to identify areas with elevated vulnerability to
flooding, thereby supporting the prioritization of mitigation strategies and reducing adverse socio-
economic consequences. The assessment was designed to provide evidence-based insights to inform
decision-making processes related to emergency response planning and infrastructure development.
The analysis employed zonal statistics to quantify the impacts of inundation on exposed populations
and critical infrastructure.

3. Results

We discuss the results with respect to the inter-annual variability of rainfall, effectiveness of the
RRI model to simulate and identify flooding hotspots, rainfall downscaling and bias correction, extent
of historical and future flooding, and simulated inundation depths and flood risk assessment in the
major cities of Eastern Africa.

3.1. Inter-Annual Rainfall Variability Over the Cities of Eastern Africa

The inter-annual variability of rainfall across four representative stations in each of the four
major cities in Eastern Africa, expressed as departures from the long-term mean (LTM) for the period
1981-2010, is illustrated in Figure 3 for the years 1981-2020. At Entoto station in Addis Ababa, Ethiopia,
the rainfall distribution reveals pronounced anomalies (Figure 3a). The years 1997, 2014, and 2015
were among the driest, recording deficits of more than 200 mm below the LTM, while 1990, 1996, 1998,
2010, 2019, and 2020 were the wettest, with surpluses exceeding 200 mm above the LTM. Notably, 2015
and 2020 represent the driest and wettest years, respectively, during the study period.

These extremes can partly be linked to large-scale climate drivers. In particular, the El
Nifio-Southern Oscillation (ENSO) appears to play a critical role. Previous studies have demon-
strated that Ethiopian rainfall is significantly influenced by ENSO, with suppressed rainfall frequently
associated with El Nifio events and enhanced rainfall during La Nifia phases, especially in the primary
rainfall season of June-September [49].

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0667.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 March 2026 d0i:10.20944/preprints202603.0667.v1

8 of 24

—

P U I P P PR PUTTE FUTTE T IRTE FERTE ST ST ST SRS e e
1 ENTOTO 1 SEREGEA

1
| N BN NN NN BN BN BENN BN B |

L L L L LB LB LR BB BLELLELE BLELEL

A Y P TN U BTN P R N

]  BINA L

Rainfall Anomaly (mm)

T 17 1§ 1§ T1rr1

B ) P C e A PR e EA e S A
1985 1990 1965 2000 2005 2010 2015 1985 1990 199% 2000 005 20010 2015

Figure 3. Annual rainfall anomalies for five stations over Dar es Salaam, Tanzania over the period 1981-2017 based
on the long-term mean for 1981-2010. Rainfall deficits (surplus) are represented by brown (green) bars respectively.
The years 2003 (2017, 2018, and 2019) recorded the least (highest) rainfall over the period for all the stations.

In Seregea Tanzania, the highest (lowest) rainfall occurred in 2015, 2017, 2018, and 2019 (1987,
2004, 2009); 2017 and 2019 were wettest years with more than 800 mm above the LTM (Figure 3b).
The departure from the mean for the driest years was not as pronounced as for the wettest years. For
Kabete Kenya (Figure 3c¢), the least (highest) rainfall was recorded in the years 1984, 1996, 2000, 2008,
2009 and 2017 (2012, 2018, 2019 and 2020). The highest rainfall in 2018 was associated with the MAM
(long-rains wet season), one of the wettest years on record that resulted in flooding, including in the
city [50]. Figure 3d, shows the variability of rainfall over Biina station in Kampala Uganda suggesting
a periodicity in the epochs of rainfall deficits and enhancements. The lowest rainfall amounts were
observed in the early 1980s and between 2004 and 2016, while the highest rainfall amounts were
observed between 1995 and 2003, and the recent three years from 2018-2020. The lowest rainfall
amount was recorded in 1983, and the highest in 2019.

3.2. Effectiveness of the RRI Model to Simulate and Identify Flooding Events

Figure 4 to Figure 9 show the simulated and river gauged discharge hydrographs and best fit
scatter diagrams for the major rivers in the largest cities in Eastern Africa as simulated by the RRI
model. The simulation was done based on daily CHIRPS data, extracted for the stations, as the
reference data.
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Figure 4. Gauged river discharge hydrograph (solid grey line), simulated discharge from the RRI (dashed grey
line) and the corresponding observed rainfall. The figure shows a lag in catchment response to observed rainfall
for the Big Akaki River in Addis Ababa.

The results indicated inundation near the confluence of the Big and Small Akaki Rivers in Addis
Ababa. The simulated and observed hydrograph for the Big Akaki River agreed well, although there
was a tendency for the model to overestimate the peaks compared to the observed discharge (Figure 5).
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Figure 5. The best line fit scatter diagram for the Big Akaki River in Addis Ababa showing a good correlation
between the simulated and the observed discharges.
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In Dar es Salaam Tanzania, the simulated and observed hydrographs agreed for the Msimbazi
River at Kigogo Bridge, especially, during the April 2020 event, as illustrated in Figure 6. The high peak
flow during this time was approximately 288.78 m®/s equivalent to a 2.5-meter water level. Figure 7
shows the best fit scatter diagram for the simulated and observed hydrograph for the Msimbazi River.

25 ——— Observed Msimbazi ----- Simulated
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Figure 6. Gauged river discharge hydrograph (solid grey line), simulated discharge from the RRI (dashed grey
line) and the corresponding observed rainfall. The figure shows a lag in catchment response to observed rainfall
for the Msimbazi River (Kigogo Bridge) in Dar es Salaam.
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Figure 7. The best line fit scatter diagram for the Msimbazi River (Kigogo Bridge) in Dar es Salaam showing poor
correlation between the simulated and the observed discharges.
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Figure 8 shows the simulated and observed discharge for Nairobi River and the corresponding
correlation coefficients. The simulated peak discharge matched the observed flood within Nairobi
City. During extreme rainfall events, higher river flows frequently exceed the banks of the Nairobi
River, leading to widespread inundation of adjacent areas. Local dailies have in the past reported
significant impacts in the peri-urban neighbourhoods, where floodwaters disrupted livelihoods,
damaged infrastructure, and heightened concerns about public health and safety. These flooding
episodes underscore the vulnerability of urban and peri-urban communities along the Nairobi River,
highlighting the urgent need for effective flood risk management strategies and early warning systems
[51]. Figure 9 shows the best fit scatter diagram for the simulated and observed hydrograph for the
Nairobi River.
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Figure 8. Gauged river discharge hydrograph (solid grey line), simulated discharge from the RRI (dashed grey
line) and the corresponding observed rainfall. The figure shows a lag in catchment response to observed rainfall
for the Nairobi River in Kenya.

350

*

300 y=09117x .

. 2=,
250 R2=0.7667

200

wett
O

150 .

Simulated discharge

v

50 . L T .t ¢

0 50 100 150 200 250 300

Observed discharge

Figure 9. The best line fit scatter diagram for the Nairobi River in Kenya showing poor correlation between the
simulated and the observed discharges.
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The skill of the RRI model in simulating discharge is summarized in Table 1 using four metrics:
Nash-Sutcliffe Efficiency (E), Coefficient of determination (R2), Root Mean Square Deviation (RMSD)
and Peak discharge error (PDE). The table shows high correlation coefficient indicating strong linear
association between the model and the observed discharge. The error in the simulated peak discharge
was lowest for Akaki River (8.96%) and highest for Nairobi River (20.5%) as shown by the PDE scores.

Table 1. Model performance metrics for the River Catchments in three Major Cities of the Eastern Africa.

Efficiency Parameter Big Akaki Msimbazi Nairobi River
Nash-Sutcliffe Efficiency (E) 0.699 0.505 0.419
Coefficient of determination (R?) 0.753 0.689 0.767
Root mean square deviation (RMSD) 0.360 0.665 0.590
Peak discharge error (PDE) (%) 8.96 14.00 20.50

3.3. Rainfall Downscaling and Bias Correction

Figure 10 presents the spatial distribution of observed rainfall from CHIRPS, together with the
biases of the raw model output and the bias-corrected (downscaled) rainfall for April, May and June.
The observed rainfall patterns indicate a seasonal progression: during April, rainfall is concentrated
over the equatorial belt and parts of the southern sector; in May, the maxima shift toward the western
and coastal equatorial regions and central Ethiopia; while in June, rainfall is predominantly confined
to the northern sector, particularly South Sudan and Ethiopia (Figure 10a, d, g).
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Figure 10. Downscaled and bias corrected rainfall plots over the study area for April (first row), May (second
row), and June (third row). The first column shows the observed data; the second and the third columns show the
results of the raw and adjusted model biases, respectively.

The raw model simulations exhibit substantial biases across the region. In April, the model
generally overestimates rainfall in the northern, western, and isolated southern areas, while markedly
underestimating over much of Kenya, southeastern Ethiopia, and southern Somalia. In May, under-
estimations are evident across the Ethiopian highlands, western Uganda, and southeastern Kenya,
whereas slight overestimations occur in parts of the eastern Lake Victoria Basin. By June, the raw
model continues to overestimate rainfall across the Ethiopian highlands (Figure 10b, e, h).

Application of the quantile mapping (QM) procedure substantially reduces these biases across all
months (Figure 10c, f, i). Nevertheless, the model consistently demonstrates a tendency to overestimate
rainfall over high-elevation areas, particularly the Ethiopian highlands. This systematic bias is likely
attributable to challenges in how the model represents orographic rainfall processes.

3.4. Impact of SAI on Simulated Peak Discharge and Inundation Depth

A comparative analysis of the peak discharge and inundation depth using historical, simulations
without albedo modification and those with albedo modification was carried out as shown in Figure 11
to Figure 14.

In Ethiopia, the simulations in the historical period were based on the six different peak discharges
from diverse epochs. The 1997-1998 El Nifio which affected most of East Africa was considered the
worst-case scenario with the highest peak discharge on the basin under consideration. It is, however,
important to note that observed inundation depths for this period were not available for comparison.
The results indicated that inundation depths and peak discharge reduced under the SAI scenario
compared to the simulations without albedo modifications. The discharge decreased from 233.30 m?/s
under the global warming scenario to 194.38 m3/s under SAI, Figure 11.
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Figure 11. Peak discharges for observed, WACCM6 and ARISE-SAI 4.5 (bar graphs) versus peak inundations
(solid grey line) for Akaki River Basin, Addis Ababa City.

Inundation peaks for Addis Ababa City on the other hand reduced by 20.04% using the modified
albedo ARISE-SAI 4.5 data. The peak inundation depth dropped from 4.89m to 3.91m. Albedo
modification played a fundamental role in reducing the peak discharges and inundation depths on
the basin. Downscaled rainfall gave diverse years for flood occurrences on the basin. The ARISE-SAI
4.5 and the WACCM dataset varied in the years that exhibited extreme rainfall events in Ethiopia,
Figure 11.

Simulation results obtained for the Nairobi City in Kenya (Figure 12) indicated a consistency
in inundation depths with declining peak discharges using ARISE-SAI 4.5 rainfall (with albedo
modification) as compared with the WACCM 4.5 rainfall (without modification of albedo). There was
no significant change in the inundation peaks on the basin using the different downscaled datasets; the
percentage difference in the highest simulated peak inundations using ARISE-SAI 4.5 and WACCM
was 6.98%. However, the simulated peak discharges using the ARISE-SAI 4.5 albedo modified dataset
as compared to the WACCM dataset with a percentage decline of 47.44% which was almost half of the
discharge using albedo modification. The discharge decreased from 171.218 to 89.99 using modified
ARISE-SAI 4.5 dataset. It was also noted that the observed peak discharges on the basin, especially
the El Nifo related rains, was more than four times both the observed and simulated results for both
ARISE-SAI 4.5 and WACCM 4.5 datasets, but this value was omitted in the final analysis. Albedo
modification played a fundamental role in reducing the peak discharges. However, the inundation
depths on the basin were consistent using the 2 datasets under consideration.
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Figure 12. Peak discharges for observed, WACCM and ARISE-SAI 4.5 versus peak inundations (solid grey line)
for Nairobi River Basin, Kenya.

In comparison to the WACCM rainfall without albedo modification, the simulation results ob-
tained for Msimbazi River in Dar es salaam, Tanzania (Figure 13), showed a decline in inundation
depths with falling peak discharges while utilizing the ARISE-SAI 4.5 rainfall (with albedo modifi-
cation). The maximum simulated peak inundations using ARISE-SAI 4.5 and WACCM differed by
57.68%; there was visible change in the inundation peaks and discharges using the ARISE-SAI 4.5
albedo modified downscaled datasets. It was also noted that using the downscaled dataset for CMIP6-
S5P2-4.5-WACCM 8 for Dar es salaam this ensemble family had extremely above normal rainfall of
over 500mm rainfall in a single event which gave a very high peak discharge with inundation depth of
over 9 meters. The discharge utilizing the downscaled ARISE-SAI 4.5 dataset dropped from 693.77
m?3/s to 293.58 m3 /s which accounted for 57.68% decline in the peak discharge received on the basin
(Figure 13).
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Figure 13. Peak discharges for observed, WACCM and ARISE-SAI 4.5 versus peak inundations (solid grey line)
for Msimbazi River Basin, Dar es Salaam City Tanzania.
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Simulation for Nakivubo channel in Uganda was undertaken even though the observed data was
not available for effective model calibration and validation. However, modelled numerical results
indicate no change in the behavior of discharge and inundation depths (Figure 14).
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Figure 14. Peak discharges for observed, WACCM and ARISE-SAI 4.5 versus peak inundations (solid grey line)
for Nakivubo River Basin, Kampala City Uganda.

3.5. Simulated Extent of Flood Inundation Depths and Flood Risk Assessment over Major Cities of Eastern
Africa

This section presents the simulated spatial distribution of flood inundation depths under both
albedo-modified and non-albedo conditions, together with estimates of the population and infrastruc-
ture exposed to flood hazards under the non-albedo scenario across the four major cities of Eastern
Africa. For Addis Ababa, flood projections indicate substantial spatial variability in inundation depth,
with simulations under the global warming scenario without albedo modification exhibiting the most
extensive flooding, including areas experiencing inundation depths exceeding 2m (Figure 15a). By
contrast, simulations incorporating albedo modification show a marked reduction in the spatial extent
and severity of inundation (Figure 15b). These results highlight the potential effectiveness of albedo-
based interventions in reducing flood exposure and mitigating urban flood risk under future climate
conditions.

Similar patterns are observed in Dar es Salaam, where projections under the global warming
scenario without albedo modification indicate extensive flooding, with water depths surpassing 2
meters (Figure 16a). By comparison, albedo-modified simulations show a reduction in the areal extent
of inundation water (Figure 16b).
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Figure 15. Flood inundation depth for Addis-Ababa city in Ethiopia under WACCM model and (b) Flood
inundation depth for Addis-Ababa city in Ethiopia under ARISE-SAI model.

For Nairobi and Kampala, however, projections reveal minimal differences in flood depths
between albedo-modified and non-albedo conditions, suggesting that the effectiveness of albedo
interventions may vary depending on local climatic and urban characteristics.
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Figure 16. Flood inundation depths for Dar es Salaam City, Tanzania, under WACCMS6 (a) and ARISE-SAI (b)
models.

The implications of these findings are profound as deep and widespread flooding is associated
with population displacement, damage to property, and severe disruption of urban systems and
services. Vulnerable populations, particularly those residing in informal settlements, are dispropor-
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tionately exposed to these risks due to limited adaptive capacity and inadequate infrastructure. In
Dar es Salaam, a city with a history of recurrent flood events [52], the results indicate that more than
37,000 people are likely to be affected by flood inundation depths exceeding 2m. In contrast, projected
inundation depths of 0.5-1.0m are estimated to impact over 70,000 people in Kampala and more than
200,000 people in Nairobi (Figure 17).

m0.5-1.0m m1.0-2.0m m>20m

202,984

AFFECTED POPULATION

DAR-ES-SALAAM ADDIS-ABABA KAMPALA NAIROBI

CITIES

Figure 17. Projected population potentially affected by simulated flood events at varying inundation depths
across the four major cities in Eastern Africa under a global warming scenario without albedo modification.

Furthermore, the assessment of projected flood impacts on road infrastructure indicates that
residential road networks are consistently the most affected across all major cities in Eastern Africa
(Figure 18), followed by secondary and tertiary road classes. Disruption to these critical transport
corridors is likely to exacerbate flood impacts by impeding emergency response, humanitarian assis-
tance, and post-disaster recovery efforts. Collectively, these projections underscore the urgent need to
integrate climate-resilient urban planning, sustainable and flood-resilient infrastructure development,
and robust disaster preparedness strategies into future urban growth and climate adaptation pathways.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0667.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 March 2026 d0i:10.20944/preprints202603.0667.v1

19 of 24

250

200

B Addis-Ababa M Dar-Es-Salaam B Kampala M Nairobi

150

100

50

Affected Road Length (Km)

llhh-l o

Residential Primary Service Tertiary Secondary Unclassified

Affected Road Classes

Figure 18. Projected roads potentially affected by simulated flood events at inundation depths greater than 1.5m
across the four major cities in Eastern Africa under a global warming scenario without albedo modification.

4. Discussion

This study investigated the interannual variability of rainfall across the four largest cities in
Eastern Africa and evaluated the performance of the Rainfall-Runoff-Inundation (RRI) model in
simulating flood dynamics and identifying inundation hotspots. In addition, both historical and
projected flood extents were analysed, and inundation depths were simulated to inform regional flood
risk assessment. The results indicate that recent decades have experienced increasingly pronounced
rainfall extremes, reflecting a growing intensification of hydrometeorological variability in the region.
Although these recent extremes cannot be attributed solely to anthropogenic climate change, mounting
evidence suggests that climate change is influencing both climate variability and the frequency and
magnitude of extreme hydrometeorological events [53]. From an adaptation perspective, particular
attention should be directed toward compound extremes, as the assessment of flood risks through a
compound-event framework provides a more integrated understanding of cascading and multi-hazard
phenomena [54].

Meteorological extremes that drive high-impact hazards, such as flash floods, often occur abruptly,
providing limited lead time for early warnings, and are typically confined to small catchments spanning
only a few hundred square kilometres. These events exhibit strong spatial heterogeneity and occur
over short temporal scales [55,56]. However, General Circulation Models (GCMs) lack the spatial
resolution required to adequately represent rainfall processes at local or catchment scales, as these
processes are governed by fine-scale topographic, convective, and land—atmosphere interactions that
demand high-quality observational data.

To bridge this scale gap, a statistical downscaling approach was employed in this study to translate
coarse-resolution GCM rainfall outputs to a regional scale more representative of local hydrological
processes. The comparison of downscaled results with raw GCM simulations revealed that statistical
downscaling substantially reduced rainfall biases. Nevertheless, such statistical approaches are con-
strained by their inherent assumption of stationarity—that is, the persistence of historical relationships
between large-scale climate predictors and local-scale rainfall responses. Under future non-stationary
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climate conditions, this assumption may weaken, potentially resulting in the underestimation of
extreme rainfall events and associated hydrological impacts.

Emerging methodologies—such as physics-informed machine learning (ML) models and
convection-permitting (CP) simulations at higher temporal and spatial resolutions—offer promising
avenues for overcoming these limitations. These approaches can better capture localized convective
processes and compound extreme events, thereby improving the physical realism of rainfall projections.
However, their broader application remains constrained by significant computational requirements
and the limited availability of consistent, high-quality observational datasets necessary for model
training, calibration, and validation.

The accurate representation of hydrological processes in numerical models also depends critically
on the availability and reliability of observed data for calibration and validation. In East Africa,
however, data scarcity, inconsistency, and limited accessibility remain persistent challenges. In this
study, for example, the lack of access to key observational datasets—particularly in Uganda—due to
institutional data-sharing restrictions impeded comprehensive model calibration.

Furthermore, the choice of the hydrological modelling framework influences the applicability
and temporal scope of the simulations. The RRI model, utilized in this study, is an event-based
model that performs effectively in simulating individual flood events but is less suited for long-term,
continuous hydrological assessments. Consequently, the analysis was confined to simulating extreme
flood events over representative 30-year historical and future periods. Conducting continuous multi-
decadal hydrological simulations would require substantial computational resources to process the
large datasets involved.

4.1. Recommendations for future research

1.  Adopt convection-permitting climate simulations for both SAI and non-SAI scenarios to better
capture convective processes and reduce uncertainties associated with precipitation—recognized
as the largest source of uncertainty in future flash flood projections [57];

2. Explore alternative hydrological modelling frameworks capable of ensemble-based flood forecast-
ing, such as the Ensemble Framework for Flash Flood Forecasting (EF5). EF5 integrates multiple
water balance models and routing schemes, enabling the generation of ensemble predictions of
streamflow, unit streamflow (streamflow normalized by basin area), and soil saturation [58];

5. Conclusions

Early warning systems based on calibrated and validated hydrological models offer a critical
pathway for reducing flood-related risks in urban environments. Reliable forecasts of river flow and
inundation dynamics can enable timely preparedness and response actions among urban residents,
particularly in flood-prone areas. The availability of comprehensive information on integrated water-
shed management, land-use change, climate impacts, and the expected frequency, extent, depth, and
trajectory of floods is therefore essential for enhancing anticipatory action and adaptive capacity.

The overarching aim of this study was to quantify the extent to which meteorological and
climatic drivers—particularly extreme rainfall—contribute to flood occurrence in the major cities of
Eastern Africa, using Rainfall-Runoff-Inundation (RRI) model simulations under both baseline and
Stratospheric Aerosol Injection (SAI) scenarios. The modelling results indicate that urban populations
in the four major cities are likely to face heightened flood risks in the future, with disproportionate
impacts expected among low-income communities residing in informal settlements. These impacts
include recurrent displacement, loss of property, and disruption of livelihoods.

Beyond highlighting the exposure of vulnerable populations, the findings underscore the ne-
cessity of integrating infrastructure development, disaster preparedness, and climate-resilient urban
planning into regional development frameworks. Moreover, the model simulations suggest that solar
geoengineering through albedo modification may have potential in moderating the adverse impacts of
flooding under future climate conditions in Eastern Africa’s urban centres.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0667.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 March 2026 d0i:10.20944/preprints202603.0667.v1

21 of 24

Nevertheless, the understanding of SAI’s broader impacts on regional climate and hydrological
extremes remains constrained by several factors. These include:

1.  Limitations in modelling capabilities — current models struggle to accurately represent convective
rainfall processes, particularly within small catchments and at sub-daily time scales;

2. Knowledge and capacity gaps — there remains limited expertise among hydrologists in the region
regarding the effective application of SAI and high-resolution climate datasets for impact studies,
highlighting the need for strengthened collaboration between hydrologists and meteorologists;
and;

3. 3. Data scarcity and accessibility constraints — insufficient availability and limited access to reli-
able observational and impact datasets hinder model calibration, validation, and comprehensive
impact assessment.

Addressing these limitations through enhanced regional data-sharing mechanisms, capacity
building, and the adoption of high-resolution convection-permitting modelling approaches will be vital
for improving future flood risk assessments and for evaluating the broader hydrological implications
of emerging climate intervention technologies such as SAI.
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