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s u m m a r y
This study analyzes the impact of climate change on freshwater availability in Africa at the subbasin level
for the period of 2020–2040. Future climate projections from ﬁve global circulation models (GCMs) under
the four IPCC emission scenarios were fed into an existing SWAT hydrological model to project the impact
on different components of water resources across the African continent. The GCMs have been downscaled based on observed data of Climate Research Unit to represent local climate conditions at 0.5° grid
spatial resolution. The results show that for Africa as a whole, the mean total quantity of water resources
is likely to increase. For individual subbasins and countries, variations are substantial. Although uncertainties are high in the simulated results, we found that in many regions/countries, most of the climate
scenarios projected the same direction of changes in water resources, suggesting a relatively high conﬁdence in the projections. The assessment of the number of dry days and the frequency of their occurrences suggests an increase in the drought events and their duration in the future. Overall, the dry
regions have higher uncertainties than the wet regions in the projected impacts on water resources. This
poses additional challenge to the agriculture in dry regions where water shortage is already severe while
irrigation is expected to become more important to stabilize and increase food production.
Ó 2012 Elsevier B.V. All rights reserved.

1. Introduction
Africa is home to 600 million people experiencing water scarcity
(World Bank, 1995; IPCC, 2007), and in the Sub-Saharan Africa
alone over 260 million people are undernourished (FAO, 2006).
Unreliable rainfall patterns, uneven distribution of water resources,
weather variability, and human factors such as population growth
and tensions over the shared waters present a signiﬁcant concern
for the availability, access, and utilization of water resources. This
has a direct impact on the livelihoods of many, particularly the poor
people in Africa (Vörösmarty et al., 2005, 2010; Milly et al., 2005;
Boko et al., 2007; Ziervogel et al., 2010). Climate change and its impact on water resources availability in space and time have posed
further challenges to the African countries in their aspiration to harness the water and improve food security. In the face of the climate
change and deteriorating water availability as the key issues to the
sustainability, the shared Africa Water Vision for 2025 and The New
Partnership for Africa’s Development (NEPAD, 2001) call for the
⇑ Corresponding author. Tel.: +98 311 391 1017; fax: +98 311 391 2840.
E-mail addresses: monireh.faramarzi@cc.iut.ac.ir, faramarzi.iut@gmail.com (M.
Faramarzi).
0022-1694/$ - see front matter Ó 2012 Elsevier B.V. All rights reserved.
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new ways to assist countries in integrating climate change responses into their national development processes. There are many
challenges in the continent in managing water resources with respect to drought, ﬂood and climate change. To explore innovative
approaches to meet the challenges, the information on seasonal
and annual changes in water resources availability with explicit
quantiﬁcation of blue and green water components in the context
of global change is necessary. Achieving such goal with a high spatial and temporal resolution will facilitate design and implementation of climate change adaptation and mitigation measures.
Africa has large disparities in water availability (Schuol et al.,
2008). Although water resources are abundant in some regions,
water scarcity has been a major constraint to the socio-economic
development in many other regions, and the problem will be likely
exacerbated in the face of increasing pressure on water supplies
due to rapid population growth and dwindling resources (IPCC,
2007). Rain-fed agriculture accounts for 60% of food production.
Although irrigated agriculture is a high priority for economic
development and stability in most northern and eastern African
countries, investment decisions to expand and implement irrigated
agriculture is subject to various limiting factors. Among them are
economic criteria, upstream–downstream tradeoffs, post-harvest
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processing facilities, access to markets, policy objectives, and more
importantly lack of adequate knowledge and information on the
impact of climate change linking biophysical processes and climate
factors with irrigation-management factors and planning objectives (You et al., 2010). In the face of climate change, the situation
is likely to become more stressed and cause signiﬁcant economic
constraints, negative impact on the livelihood of small holder
farmers relying on rain-fed and irrigated agriculture (Odney,
2007). Expanding irrigation, which is identiﬁed as a viable adaptive
response to climate change (UN Millennium Project, 2005), might
not meet the increasing food demand and alleviate poverty
(Ziervogel et al., 2006).
Previous studies on climate change in Africa have mainly
emphasized the likely impact on rain-fed production and food
security in the continent (Thompson et al., 2010; Liu et al., 2008;
Thornton et al., 2009; Schlenker and Lobell, 2010; Rowhani et al.,
2011). Some studies have addressed changes in hydrology at a river basin scale (e.g. Beyene et al., 2010; Setegn et al., 2011) with focus on particular components, such as stream ﬂow or extreme
events (Taye et al., 2011). The climate change adaptation measures
in water resources management have also been studied in some
individual catchments (Kahinda et al., 2010), or based on qualitative assessments (Krysanova et al., 2010) and reports (Sowers
et al., 2011). However, a systematic study, analyzing the impact
of climate-induced-scenarios on water resources availability and
adaptation strategies on the continental scale with the subbasin
as the basic unit of assessment is still missing.
It is widely articulated (Arnell et al., 2004; IPCC, 2007) that climate projections contain signiﬁcant uncertainties. Many previous
studies used ensembles of the climate models and scenarios to
characterize uncertainties in the future climate and express the
conﬁdence of the impact assessment results (Abbaspour et al.,
2009; Tao et al., 2009; Maurer et al., 2009; Kysely and Beranova,
2009; Jinming and Congbin, 2006; Thornton et al., 2009; Gaiser
et al., 2011; Semenov and Stratonovitch, 2010). The results show
that the individual GCMs as well as the emission scenarios exhibit
different biases and show mixed results indicating a substantial
sensitivity of GCMs to regional and local processes. These biases
are reduced by using ensembles from different GCMs and emission
scenarios.
The main objective of this study is to quantify the mid-term impact of climate change on water resources in Africa at a subbasin
spatial and monthly temporal scale. This information allows for a
better water management and planning of future developments
in Africa in the context of climate change. To achieve this goal,
we have implemented an integrated hydrological simulation model at the continental level with the subbasin as the basic hydrological unit to study the net effect of climate change on hydrological
water balance and water resources components. The time period
of the investigation is from 2020 to 2040. This time period was
chosen because we are more interested in assessing the impact
of climate change on water resources in the near future and also
because the lowest fractional uncertainty in climate projections
is the future 30–50 years (Cox and Stephenson, 2007). The results
will lay the basis for the further analysis of adaptation strategies
which will be the subject of a latter study.
We used the Soil and Water Assessment Tool (SWAT) (Arnold
et al., 1998) to speciﬁcally investigate the impact of climate variability on precipitation and evapotranspiration distribution, river
discharge, soil moisture, and aquifer recharge. These variables
were then used to quantify the changes in water resources with
respect to blue water (i.e. water yield plus deep aquifer recharge)
and green water (i.e. soil moisture and evapotranspiration) (Falkenmark and Rockstrom, 2006). The impact assessment was quantiﬁed at the subbasin scale using a series of anomaly maps (%
deviations from historic data). To quantify the impact of climate

change on water resources availability, we used the ensemble of
high-resolution climate data for which outputs of ﬁve global
climate models (GCMs) have been downscaled and bias-corrected
by Mitchell et al. (2004) using the CRU TS 2 dataset of gridded observed data for the period 1961–1990. The dataset comprise all
combinations of ﬁve GCMs: HadCM3, PCM, CGCM2, CSIRO2, and
ECHAM4, and four IPCC emission scenarios: A1FI, A2, B1, and B2
(http://www.cru.uea.ac.uk). These GCMs were selected based on
data availability to cover a wide range of changes in the global
mean temperature. For the SRES scenario A1FI, the CSIRO2 and
HadCM3 models can thereby be considered ‘‘hot’’ models with
temperature increases of up to 5.5 °C until the year 2100. PCM is
rather ‘‘cold’’ with a maximum increase of 3.5 °C until 2100.
CGCM2 is in the upper middle with up to 5 °C (Mitchell et al.,
2004). The future climate data were then fed to the SWAT model
to simulate the changes in different water resources components.
In addition, the impact of climate change on the frequency and
intensity of ﬂoods and droughts was also investigated.
The SWAT model used in this investigation was calibrated and
validated previously with uncertainty analysis by Schuol et al.
(2008) using SUFI2 algorithm of the SWAT-CUP program (http://
www.eawag.ch/forschung/siam/software/swat/index). The prediction uncertainty in this hydrologic model reﬂects the combined
uncertainties of input, model structure, and parameters.

2. Material and methods
2.1. The hydrologic SWAT model
SWAT is an integrated semi-distributed hydrological model,
which includes a plant growth module. Procedures to describe
the effect of CO2 concentration, precipitation, temperature and
humidity on plant growth, evapotranspiration, snow, and runoff
generation make the program a valuable tool for the investigation
of climate change impacts (Eckhardt and Ulbrich, 2003; Fontaine
et al., 2001; Stonefelt et al., 2000). SWAT has been used in many
international applications (Gassman et al., 2007) to quantify the
impact of land management practices on water, sediment, and
agricultural chemical yields in large complex watersheds with
varying soils, land uses and management conditions over long periods of time. The model is linked to ArcGIS and therefore capable of
analyzing and handling large data sets on various geographical
scales. Spatial parameterization of the SWAT model is performed
by dividing the watershed into subbasins based on topography,
soil, and land use characteristics. The soil water balance equation
is the basis of the hydrological model. The simulated processes include surface runoff, inﬁltration, evaporation, plant water uptake,
lateral ﬂow and percolation to shallow and deep aquifers.
In this study, surface runoff was estimated by a modiﬁed Soil
Conservation Service curve number equation using the daily precipitation data based on soil hydrologic group, land use and land
cover characteristics, and antecedent soil moisture. The potential
evapotranspiration (PET) was simulated using Hargreaves method
(Hargreaves and Samani, 1985). Actual evapotranspiration (AET)
was determined based on the methodology developed by Ritchie
(1972). The daily value of the leaf area index (LAI) was used to partition the PET into potential soil evaporation and potential plant
transpiration. LAI and root development were simulated using
the crop-growth component of SWAT, which is a simpliﬁed version
of the erosion productivity impact calculator (EPIC) crop model
(Williams et al., 1984). This component represents the interrelation between vegetation and hydrologic balance. Overall, plant
growth was determined from leaf area development, light interception, and conversion of intercepted light into biomass assuming
a plant species-speciﬁc radiation use efﬁciency. Radiation use
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efﬁciency is sensitive to atmospheric CO2 concentrations. Stockle
et al. (1992) equations are incorporated in SWAT to adjust radiation use efﬁciency for effects of elevated CO2. In addition, climate
change can be simulated with SWAT by manipulating the climatic
input that is read into the model (precipitation, temperature, solar
radiation, relative humidity, wind speed, potential evapotranspiration and weather generator parameters). A more detailed description of the model is given by Neitsch et al. (2005).
2.2. The hydrological model of Africa
We used a previously calibrated SWAT model of Africa based on
the studies of Schuol et al. (2008). Data required for this study
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consisted of digital elevation model (DEM), land cover map, soil
map (FAO, 1995), daily weather input, and river discharge data.
Daily climate data were generated from monthly statistics provided by CRU (TS 1.0 and 2.0, http://www.cru.uea.ac.uk/cru/data/
hrg.htm) at for 0.5° grid points using a semi-automated weather
generator, dGen (Schuol and Abbaspour, 2007). The CRU database
provides monthly statistics for total precipitation, average minimum and maximum temperatures (Mitchell et al., 2004; Mitchell
and Jones, 2005), and the number of wet days per month for each
0.5° grid (New et al., 2000). The grids of the primary variables, precipitation and temperature, are solely based on measured values
using an anomalies interpolation technique. Synthetic data estimated from the primary grids were then used in addition to station

Fig. 1. General map of study area presenting geographic distribution of the rivers, lakes, modeled units (subbasins), political boundaries and country based population (the
background color). (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 2. Results of Soil and Water Assessment Tool (SWAT) calibration–validation for one selected hydrometric station in the arid western part of Africa (adapted from the
study by Schuol et al. (2008)).
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observations to construct the grids of the secondary variables, like
the wet–day frequency.
Based on the input digital maps, a total of 1496 subbasins were
delineated and dominant soil and land use were assigned to each
subbasin. Based on the availability of data, the simulation period
in the model was from 1972 to 1995 (Schuol et al., 2008). Most
of the dams, reservoirs and lakes, which affect the river discharge,
were included in the model (Fig. 1).

The Sequential Uncertainty Fitting Program (SUFI-2) in the
SWAT-CUP package (Abbaspour, 2011) was used for parameter
optimization. Using SUFI-2, all sources of uncertainty are mapped
to a set of parameter ranges. Two different indices were used to
quantify the goodness of calibration–uncertainty performance.
These are the percentage of data bracketed by the 95% prediction
uncertainty (95PPU) band (P-factor) and a measure of the average
width of the 95PPU (R-factor). In order to compare the measured

Fig. 3. Spatial pattern of average annual maximum temperature (a) and temperature range which is calculated based on the difference of maximum and minimum
temperature (c) for the historic period (1975–1995). Change of maximum temperature (b) and the change of temperature range (d) are shown for the future period (2020–
2040) which are based on the predictions of 18 scenarios from ﬁve GCMs.
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we analyzed the hydrological model prognosis for the period of
2020–2040 using 0.5° grids of climate data available through
CRU of the University of East Anglia (http://www.cru.uea.ac.uk).
The set comprises 18 scenarios based on four IPCC emissions scenarios (A1FI, A2, B1, and B2) and ﬁve GCMs (HadCM3, PCM,
CGCM2, CSIRO2, and ECHAM4) (2000–2100). The scenarios were
downscaled by combining time-series of global warming and patterns of change from GCMs with the baseline climate and sub-centennial variability from the observed record. The observed dataset
contains monthly observed climate records for minimum temperature, maximum temperature, precipitation and number of wet
days for the years 1901–2000 (Mitchell and Jones, 2005).
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150

2.3. The global climate models (GCMs) and emission scenarios

Apr

and simulated monthly discharges, an objective function (bR2;
where R2 is coefﬁcient of determination, and b is the slope of the
regression line between measured and simulated discharge)
(Krause et al., 2005), was optimized based on 207 discharge stations across the modeled area. Overall, the model performance
was satisfactory for most of the discharge stations for both
calibration and validation period. At 61% of the stations, more than
60% of the observed data were bracketed by the 95PPU and at 69%
of the stations the R-factor was below 1.5. The objective function at
38% of the stations was higher than 0.6. Fig. 2 shows the calibration
and validation performance of the SWAT model for one discharge
station as an example (see Schuol et al., 2008). The calibrated
model was then used to account for the subbasin-based and
country-based blue and green water resources availability for the
study period. More details on the input databases, model setup,
and calibration–uncertainty analysis and model results can be
found in Schuol et al. (2008).

Semi Humid (Center
Center of Zambia)

Fig. 4. Projected changes in monthly precipitation and maximum temperature for ﬁve selected subbasins from different climate regions (according to Fig. 5) calculated from
monthly outputs of 18 different scenarios of ﬁve GCMs. The results of different scenarios are shown as pluses, and boxes show the 25th, 50th, and 75th percentiles. The
shaded areas in the charts show dry months.
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Because the GCMs had a coarser spatial resolution than the 0.5°
resolution of the scenarios, a compromise was considered to avoid
discontinuities between the 0.5° grid boxes and the inﬂuence of
ocean GCM grids. Therefore the patterns were interpolated to the
0.5° resolution using a Delaunay triangulation of a planar set of
points. Overall, the scenarios were constructed based on four types
of information: (i) the baseline climate including observed climatology of 1961–1990 (CRU CL 1.0, 2.0, 2.1) to preserve homogeneity
between 20th and 21st century; (ii) the GCMs to represent changes
in global climate; (iii) the GCM patterns of climate change at the
end of 21st century to express the spatial variability of the GCMs;
and (iv) the observed variations in climate during 20th century
(CRU TS 1.2, 2.0). With such uniqueness, the 18 climate change scenarios were designed so that they cover 93% of the range of uncertainty in global warming in the 21st century reported by IPCC. The
three main sources of uncertainties considered in the dataset were:
emission scenarios (68%), climate models (the four GCMs), and
internal variability of climate system. The later was partially treated by superimposing the variability of the observed in the 20th
century on the mean changes projected for the 21st century to remove the effects of multi-decadal variability. More detail of dataset
construction can be found in Mitchell et al. (2004). This dataset
does not require a further downscaling or bias-correction for purposes of this study, but as recommended by Mitchell et al. (2004),
the climate data could be downscaled for small scale studies where
the complex orographic and land–sea distribution may cause local
variation in climate change.

The program dGen was also used with the future data to convert
monthly statistics to daily values. Based on the dGen algorithm, a
wet day was determined by using the popular two state ﬁrst-order
Markov chain. In case of a wet day, the rainfall amount was computed with a two-parameter gamma distribution, and the daily minimum and maximum temperatures were sampled from normal
distributions based on monthly averages and standard deviations.
The daily climate data were fed into the calibrated and validated
hydrologic model of Africa to predict the future impacts on water cycle components. The uncertainty in the hydrological model is represented by parameter ranges (for more detail see Schuol et al., 2008).
To capture this uncertainty, 200 sets of hydrologic parameters were
obtained using Latin hypercube sampling technique. SWAT was
then run with these parameter sets for the baseline climate condition (1972–1995) and the 18 future climate scenarios (2020–
2040), resulting in a multi-model-based projection. We set the mean
CO2 concentration for the future to 460 ppm v, 435 ppm v,
425 ppm v, and 400 ppm v under A1FI, A2, B1, and B2 scenarios,
respectively (IPCC, 2001). Overall, for each of the 1496 subbasins,
200 parameter sets  21 years  12 months = 50,400 sets of simulations for 1975–1995 (excluding the ﬁrst 3 years as warm up period)
and 200 parameter sets  20 years  12 months  18 scenarios = 864,000 sets of simulations for 2020–2040 were computed.
In each simulation, variables precipitation, water yield, actual
evapotranspiration (green water ﬂow), deep aquifer recharge, and
soil moisture (green water storage) were extracted from the SWAT
output ﬁles. Blue water availability was then calculated as water

Fig. 5. The average annual (1975–1995) aridity index at subbasin level and for the whole continent. The index is deﬁned as precipitation divided by potential
evapotranspiration (UNESCO, 1979). According to this index the boundaries that deﬁne various degrees of aridity are deﬁned as: AI < 0.05: hyper-arid, 0.06 < AI < 0.2: arid,
0.2 < AI < 0.5: semi-arid, 0.5 < AI < 0.65: semi-humid, AI > 0.65: humid.
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Table 1
Median of the projected changes of monthly precipitation in ﬁve selected subbasins from different climate regions. The shaded areas show dry seasons.

Fig. 6. Spatial pattern of mean (a) and coefﬁcient of variation (c) of precipitation during 1975–1995 period, and anomaly map of the precipitation which is the % difference
calculated based on the data period 2020–2039 from the 1975 to 1995 (b), and coefﬁcient of variation during 2020–2039 (d). The predictions of 18 scenarios from ﬁve GCMs
were considered in the future calculations.
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yield plus deep aquifer recharge. We used the SUFI-2 program to calculate the simulation results at the 2.5%, 50%, and 97.5% probability
levels. The simulation results at the 2.5% and 97.5% levels were used
to calculate the 95% prediction uncertainty band (95PPU) and the results at the 50% level was used to calculate the changes in the variables relative to the corresponding historic simulations during
1975–1995.

3. Results
3.1. Impact of climate change on temperature and precipitation
The historic distribution of average maximum temperature
(Fig. 3a) ranges from 18 to 37 °C across the continent. The changes
in maximum temperature (Fig. 3b) in most subbasins of the continent, as a result of climate change, are between 1 and 3 °C. Most of
West and Central Africa is seen an increase of about 1° in temperature while in South and North Africa the increase is mostly about
2°. The anomalies are calculated as the % differences between the
prediction uncertainties of the 18 climate scenarios at the 50%
probability level and averaged over the period of 2020–2040 and
those of the historic (1975–1995) period.
The diurnal temperature range shown in Fig. 3c is the historic
difference between maximum and minimum temperatures. The
difference is 7–19° across Africa. This difference narrows by 2
to 0 °C in most of North Africa (Fig. 3d) and widens by about
0–1.7 °C in the Central and Southern Africa. This implies that

minimum temperature increases faster in North and Central Africa
and slower or even decreases in most of Southern Africa.
Five selected subbasins (Fig. 4) were chosen from different climatic regions based on the aridity index of UNESCO (1979). For
this, different aridity levels were calculated for the study area
(Fig. 5). In all climate regions from hyper-arid to humid, the maximum temperature increases in most months for all the climate
scenarios (Fig. 4). The temperature increase in all climate regions
is larger in the dry seasons, implying that regions already suffering
from drought may face even bigger challenges in the future. In the
semi-arid region (particularly subbasins in the horn of Africa)
where temperature shows a larger increase in the wet months, a
likely decrease in precipitation is projected (Fig. 4, and Table 1).
Similar to temperature, precipitation showed an increasing pattern
in most of the wet months in humid and semi-humid regions while
it decreased by about 48% in the wet months of hyper-arid and arid
regions respectively (Table 1). It is worth mentioning that the projected changes of precipitation from different climate scenarios
were more consistent in wet months than dry months (smaller
width of the box plots in Fig. 4). A larger disparity in the predictions for dry months is partly related to the propagation of the calculation error when accounting for ‘‘percent difference’’ from the
historic. Where historic values are very small and close to zero, a
large percentage difference is obtained with a small over or under
projection (larger width of the box plots).
The historic precipitation (Fig. 6a) and precipitation change
(Fig. 6b) is different from subbasin to subbasin, but a general pattern is observed for the whole continent. Looking at the Northern

Fig. 7. Number of scenarios predicting increase of more than 1% for precipitation compare to the historic period. Any change between ±1% are considered as unchanged
situation.
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segment of the continent, the countries which are already experiencing hyper-arid conditions like Egypt, Libya, Algeria, and Western Sahara will be even more stressed with a decrease in
precipitation by 25–50%. Comparison of the annual variation for
the two periods (Fig. 6c and d) shows that in the northern hyperarid region, the coefﬁcient of variation could reach as high as
100–150% indicating severe ﬂuctuations in the year to year precipitation amount. This may have a signiﬁcant effect on increasing
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prolonged droughts and hence crop production in these countries.
Other prominent regions receiving up to 25% more rainfall are located mostly in southwest Africa (e.g. Namibia, Botswana, Zaire,
Zambia) and western Africa (i.e. coastal areas such as Guinea and
Ivory coast). The situation is reversed in the southern part of South
Africa, northern part of Angola, northern Cameroon in the West
Africa, and Ethiopia, Somalia and Kenya in the Horn of Africa,
where precipitation could decline by up to 25%.

Fig. 8. Spatial pattern of mean (a), and coefﬁcient of variation (c) of blue water resources which are calculated based on the average annual M95PPU (i.e. 50th percentile out
of 200 simulations) values during 1975–1995 period, anomaly map which is the % difference calculated based on the data period 2020–2039 from the 1975 to 1995 (b), and
coefﬁcient of variation of blue water during 2020–2039 (d) for which the predictions of 18 scenarios from ﬁve GCMs are considered.
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To assess the reliability of our projection results we constructed
Fig. 7 to show the number of the climate scenarios with a similar
projection results. While the temperature projections from the
18 climate scenarios were quite similar across Africa (ﬁgures are
not shown), the projected patterns of precipitation varied considerably from scenario to scenario. In the subbasins depicted with
blue color, 13–18 climate scenarios predicted an increase of more
than 1% in the rainfall for the central and western Africa. In the yellow subbasins only 1–6 out of 18 climate scenarios predict an increase of more than 1% for the rainfall. Hence, more conﬁdence
could be placed on the blue subbasins.
3.2. Impact of climate change on freshwater components
In the literature, the term ‘‘blue water’’ refers to the summation
of the water yield and deep aquifer recharge which are renewable
resources. Green water ﬂow is deﬁned as the actual evapotranspiration, and green water storage is the soil moisture (Falkenmark
and Rockstrom, 2006). Fig. 8a shows the average values of blue
water (mm yr 1) based on the historic data of 1975–1995. The projected effects of climate change are shown in Fig. 8b as the anomaly map based on the averages of the prediction from the 18
climate scenarios. Generally, blue water will increase in the southern part of the continent except in the very dry southern border
and south west coastal areas of South Africa and Namibia. An increase of up to 400% in these regions, however, might not bring a
signiﬁcant increase in blue water resources availability because
of the very low basis. The countries located in the Horn of Africa
and Sahel will suffer from a decrease of blue water resources by
25–100%. Fig. 8c illustrates the coefﬁcient of variation of the historic blue water resources. Blue regions are more reliable in terms
of their water resources from year to year. Comparison of the historic coefﬁcient of variations of blue water resources with that of
the future (Fig. 8d) shows that inter-annual change of blue water
resources availability is more or less similar to the past in most
of the central and northern parts while an increase in southern
semi-arid and arid areas is observed, implying less reliability in
the blue water increases in these regions.
We aggregated the subbasin-based predictions of blue water resources to the country level (Fig. 9). For most countries, the average
future prediction is larger than the lower bound of the historic

prediction uncertainty. The future blue water resources availability
in 20 countries is larger than the upper bound of our hydrologic
model prediction for the historic situation. Hence, a larger conﬁdence could be put on the blue water increases in these countries
(Table 2). Taking the blue water resources at the 50% probability level resulted in 34 countries gaining more blue water in the future.
In countries (i.e. shaded cells in Table 2) where both L95PPU and
U95PPU point to the same conclusion, the results will be more reliable for future management and planning. In contrast in the countries where future water resources is just greater than the lower
bound of the prediction, such as Burkina Faso, Cameroon, Congo,
Chad, Ethiopia, Guineas, and Sudan, the projection results should
be viewed with more caution.
There are signiﬁcant spatial variations in the long-term average
annual green water storage (soil moisture) (Fig. 10). Southern part
of Africa shows an increase in soil water with a larger reliability
than the blue water resources. Although a larger soil moisture is
predicted (Fig. 10b), its reliability is quite low (Fig. 10d).
To give a clear picture of the relationship between projected
changes of all hydrological components, we included also the maps
of actual and potential ET as well as deep aquifer recharge
(DARCHG) with their possible changes in the future (Fig. 11). The
changes in AET (Fig. 11a and d) are consistent with the changes
in PET (Fig. 11b and e) in most parts of the study area except the
northern hyper-arid to arid regions and south western countries
(i.e. Namibia and Botswana). In the regions where the deep aquifer
recharge is historically small (i.e. the very south and northern parts
of the continent), even a large percentage increase (Fig. 11c and f)
would not improve the water supply situation. In contrast, in the
central part a considerable increase of deep aquifer recharge is projected, which is consistent with the increase of green water storage
(Fig. 10a and b). This region will also enjoy abundant blue water resources in the future. A considerable decrease of deep aquifer recharge is projected for West Africa. As expected, it is in
agreement with the decline of blue water resources.
3.3. Impact of climate change on the duration of dry and wet periods
To investigate the impact of climate change on ﬂooding and
drought we selected seven subbasins from different climatic conditions in Africa and calculated the average distribution of the
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Fig. 9. Comparison of the SWAT 95PPU ranges of the annual average (1975–1995) blue water availability in the African countries with that of 18 scenarios of the ﬁve GCMs
for the period 2020–2039. In this ﬁgure the average annual M95PPU values are presented for each scenario.
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Table 2
Comparison of the historic and projected range of country-based blue water
availability (BW) considering the L95PPU and the U95PPU value of the annual
average (1975–1995) blue water values. Shaded cells indicate the countries where
both L95PPU and U95PPU of the historic BW values led an increase of BW for all
scenarios in the future period. The right column shows the range of the projected BW
from 18 scenarios.

95

the winter and spring months, along with an increase in the summer months.
In humid and semi-humid regions, the number of wet days is
projected to increase in most of the months (Fig. 12g–j). The number of days with larger rainfalls, precipitation >10 mm d 1, is not
increased signiﬁcantly in both humid and semi-humid regions.
However, the small changes in the number of wet days in the arid
and semi-arid regions are unlikely to bring about important consequences to water conditions.
In a further analysis we plotted Fig. 13 to show the coefﬁcient of
variation (CV) of the number of wet days per year for precipitation
>2 mm d 1 (Fig. 13a) and precipitation >10 mm d 1 (Fig. 13b). In
general, the CV of the number of wet days in hyper-arid region
(Egypt) is signiﬁcantly larger than that of other climate regions,
mainly due to a very small mean value. Therefore, we divided
the CVs of this region by 10 to be able to show it within the same
chart as the other regions. A substantially large increase in the CV
in hyper-arid (Egypt) and dry region of South Africa for the number
of days with rainfalls >2 mm d 1 and rainfall >10 mm d 1 imply a
stronger year-to-year variation in these areas. The rest of the regions show either no change or small changes compare to the historic period.
To demonstrate the severity of the dry periods in Africa, we calculated the number of consecutive days with rainfall <2 mm d 1.
Fig. 14 shows the recurrence times and the average length of dry
periods. The numbers of such periods were counted for the duration of 20 years in the past (1975–1995) and the future (2020–
2040) using all 18 scenarios and then averaged. In general, the
duration of dry periods increases in the future in the north and
in the south, while the central Africa and regions in southeast
experience shorter duration of dry periods.

4. Discussion
4.1. Comparison of this study with the literature

number of days with precipitation >2 mm d 1 and precipitation
>10 mm d 1 for these regions during 1975–1995 and 2020–2040
(Fig. 12). Most scenarios indicate that the hyper-arid region of
southwestern Egypt (Fig. 12a and b) as well as the semi-arid region
of northern Kenya (Fig. 12e and f) experience larger number of
days with precipitation >2 mm d 1 in spring months. This is true
for the summer months of the arid region of southern Niger
(Fig. 12c and d). In the arid regions of South Africa, the northern region shows the largest increase in the number of wet days in winter and spring months for both >2 and >10 mm d 1 rainfall events
(Fig. 12k and l). This is corroborated by all scenarios. In the southern parts of South Africa (Fig. 12m and n), all scenarios indicate a
decrease in the number of days with precipitation >2 mm d 1 in

There are many published works on the trend of temperature
and rainfall as well as water availability and extreme events concerning drought and ﬂooding under the future climate change in
Africa. Substantial variations exist across different climate scenarios. In general, projected changes in precipitation and dryness extremes are more ambiguous than those in temperature extremes
(Orlowsky and Seneviratne, 2012).
Most researchers have projected the temperature increase of
Africa between 2 and 4 °C (e.g. Boko et al., 2007; Agoumi, 2003).
CEEPA (2006) published a working paper reporting the results of
assessment of possible impacts of climate change for the whole
continent. The study derived 16 scenarios using ﬁve different
GCMs (CSIRO2, HadCM3, CGCM2, ECHAM and PCM) based on
two different emission scenarios (A2 and B2). The results for decadal average changes for 2050 and 2100 in annual values for precipitation, temperature and stream ﬂow are presented. For
temperature, they show a range of increase of 2.2–4.1 °C for most
of Africa. In this study, we also generally projected an increase of
1–4 °C in most of the continent with larger increases in the northern part of the continent (2–4°) and smaller increases in mid-continent (1–2°).
Ruelland et al. (2012) used the climate models HadCM3 and
MPI-M under SRES-A2 to provide future climate scenarios in a
large Sudano-Sahelian catchment in Africa. Outputs from these
models were used to generate daily rainfall and temperature series
for the 21st century. A temperature-based formula was used to calculate present and future potential evapotranspiration (PET). The
daily rainfall and PET series were introduced into the calibrated
and validated hydrological model to simulate future discharge.
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Fig. 10. Spatial pattern of mean (a), and coefﬁcient of variation (c) of green water storage which are calculated based on the average annual M95PPU values during 1975–
1995 period, anomaly map which is the % difference calculated based on the data period 2020–2039 from the 1975 to 1995 (b), and coefﬁcient of variation of soil water during
2020–2039 (d) for which the predictions of 18 scenarios from ﬁve GCMs are considered all together.

With regard to future climate, the results show clear trends of reduced rainfall over the catchment. This rainfall deﬁcit, together
with a continuing increase in potential evapotranspiration, suggests that runoff from the basin could be substantially reduced,
especially in the long term (60–65%), compared to the 1961–
1990 reference period. As a result, the long-term hydrological simulations show that the catchment discharge could decrease to the

same levels as those observed during the severe drought of the
1980s. Our study shows large variability in future rainfall distribution within the catchment; where rainfall decreases toward the
eastern part of the catchment and increases in the north.
Regional variations in precipitation are substantial (Fig. 6). Shongwe et al. (2009) report a general increase in rainfall in the tropics, which is also the case in this study. In East Africa they

Author's personal copy

M. Faramarzi et al. / Journal of Hydrology 480 (2013) 85–101

97

Fig. 11. Spatial pattern of actual ET (a), Potential ET (b) and deep aquifer recharge (c) which are calculated as the averages of the annual M95PPU values during 1975–1995
period, and anomaly maps which are the % differences calculated based on the data period 2020–2039 from the 1975 to 1995 (d–f).

report a generally wetter climate. However, our study indicates a
large spatial variation from a decrease of 25–50% to an increase
of 25–50%.
The CEEPA (2006) report shows a range of changes in rainfall of
13% to 57% for different countries across the continent with large
variations between countries in different parts of Africa. Our subbasin-based calculations projected mostly consistent patterns
although with a large variation within each country (Fig. 6).
Andersson et al. (2011) in their study of the Pungwe river basin
in Mozambique using ECHAM4 (A2, B2 scenarios) and CCSM3 (B2
scenario) report a 10% reduction in rainfall. Our study, however,
shows a large variability in rainfall within the country. de Wit
and Stankiewicz (2006) conducted an assessment of the relationship between rainfall and discharge across Africa. They found that
a 10% decrease in precipitation in regions on the upper regime
boundary (1000 mm per year) would decrease surface drainage
by 17%, whereas in regions receiving 500 mm per year, such a drop
would cut 50% of drainage. By using predicted precipitation
changes, they calculated that a decrease in perennial drainage will
signiﬁcantly affect present surface water access across 25% of Africa by the end of this century. In general, North Africa, the Saharan
Region, and southern Africa are the regions with decreases in discharges of between 10% and 20% and the central Africa and East

Africa are projected to have increase in discharge between 10%
and 20%. Our estimation of blue water availability shows a generally similar trend but with signiﬁcant spatial variabilities.
In the CEEPA (2006) report, most countries show a decrease in
stream ﬂow, while our model estimates a generally net increase
in blue water resources for most countries (Figs. 8 and 9). However,
there are large variabilities within each country. An advantage of
our subbasin-based analysis is that these spatial variabilities are
highlighted. For example, some subbasins within the Saharan Region show increase of up to 400% in blue water availability, albeit
these increases are still quite small. In the study by Murray et al.
(2012), runoff increase is projected in the Congo river basin for
the period 2070–2099 over the period 1961–1990 under a 2 °C
(by 2050) increased warming scenario, based on the averages of
six GCM simulations. This is also evident in our study (Fig. 9).
Dai (2011) provided a comprehensive review of the projected
drought situation under global climate change. The study found
that climate models mostly projected increased aridity in the
21st century over most of Africa. Although aridity is not well
deﬁned in this report, it interpreted as longer and more frequent
dry periods. This is also what we found (Fig. 14). Report of
worsening drought situation is also predicted by Andersson et al.
(2011).
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Fig. 12. Comparison of the number of wet days between historic (1975–1995), presented with dashed columns and future (2020–2039) periods for subbasins selected from
different climatic regions according to the aridity map of Fig. 5. The colored bands show the range of predictions resulted from different scenarios in each GCM (CGCM2:
green, CSIRO: red, ECHAM: blue, HADCM3: yellow, PCM: black,). In these graphs a wet day is deﬁned as a day with precipitation >2 mm (left column), and >10 mm (right
column).

4.2. Implication of changes in rainfall, green and blue water, and
actual evapotranspiration
One objective of this study was to compare the consistency of
the projected changes in different water balance components at
the subbasin scale. It is widely discussed in the literature that
the stream ﬂow and the blue water resources in general are sensitive to rainfall (Faramarzi et al., 2009; Setegn et al., 2011; Schuol
et al., 2008). This is in agreement with our ﬁndings in most of

the areas, except some subbasins (e.g. in the southern part of South
Africa) where a decrease of precipitation (Fig. 6b) led to an increase
in blue water (Fig. 8b) and soil moisture (Fig. 10b). The reason is
that in these subbasins, the PET, and subsequently, the AET (green
water ﬂow) decreases (Fig. 11) so that most of the rainfall contributes to the blue water and soil moisture as simulated by the SWAT
model. A major reason for the decrease of PET in these regions is
the decrease in surface air temperature, which is effective in the
calculation of PET using the Hargreaves method.
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Fig. 13. Coefﬁcient of variation of the number of wet days. Shown are (a) precipitation >2 mm d 1 and (b) precipitation >10 mm d 1, for the selected subbasins in different
climate regions of continent of Africa. The presented columns in Figure b for the hyper-arid (south west of Egypt) are divided by 10 to equalize the scale.

Fig. 14. Comparison of the number of drought events (left column in the legend) and the average drought length (right column in the legend) for historic and future scenarios.

As shown in Fig. 11, the changes in AET (Fig. 11a and d) is consistent with the changes in PET (Fig. 11b and e) in most parts of the
study area except the northern hyper-arid to arid regions and

south western countries (i.e. Namibia and Botswana). The main
reason for this difference is that a small decrease in PET (i.e. 10%)
will still impose a large evaporative demand (1350–1680 mm yr 1)

Author's personal copy

100

M. Faramarzi et al. / Journal of Hydrology 480 (2013) 85–101

in these regions. Lesser constraints in precipitation (Fig. 6b) and
soil water storage (Fig. 10b) enable the region to meet more of
the high evaporative demand. In other words, small changes in
PET along with an increase in CO2 levels can trigger signiﬁcant
changes in AET. This is because plants grow more vigorously with
increasing temperature and CO2, as the rainfall and subsequently
soil moisture increases.
In Africa, climate change will lead to increase in climatic variability and decrease in blue and green water resources. These
changes and spatial variations will exert signiﬁcant impacts on
the economic development, particularly for the agricultural and
water-resources sectors, at regional and local scales. In semi-arid
regions of the Sahel, Horn of Africa, and Southern part of Africa,
large rural and urban communities depend on water availability
for rain-fed agriculture, as well as biomass derived energy. Climate
change is expected to pose a serious impact on the agricultural systems and crop productivity. These will likely put the local communities at a higher risk. The scale of the impact could be large due to
the size of the affected population (see Fig. 1), the vulnerability of
the poor farmers, and the lack of adaptive institutional capacity to
manage the impacts (UNEP, 2009).
Water-related aspects of climate, such as droughts and ﬂoods
have serious implications for African countries’ development.
Drought has been one of the most frequent climate-related phenomena occurring across large portions of the African continent,
often with devastating consequences for the agricultural production and food security (Rojas et al., 2011). As projected in this
study, northern regions of the continent will experience more severe droughts. Some eastern and southern regions of the continent
will also experience lesser rainfalls (Fig. 6), smaller blue water and
green water availability (Figs. 8 and 10, respectively), and longer
periods without a major rainfall event (Fig. 14) combined with larger annual variations. Hence they are susceptible to more severe
drought conditions. In the countries of southern and eastern Africa
situated in semi-arid regions, the rain-fed agricultural production
is mainly limited by the availability of soil moisture. Heavy rains
often do not signiﬁcantly increase soil moisture, but tend to produce runoff without inﬁltrating into the soil. The problems are
aggravated by the tendency of prolonged dry periods to occur at
irregular intervals under the future climate change.
The general trend of decreasing runoff (blue water resources)
could increase conﬂicts over water in the shared rivers. In Africa,
river channels and basin watersheds frequently demarcate international boundaries, making up almost 40% of these borders. All major African rivers traverse international boundaries. (De Wit and
Stankiewicz, 2006). To what extent the reduced ﬂow in major rivers reﬂects direct changes in rainfall, runoff, discharge and groundwater ﬂow requires further study.
4.3. Study limitations
It must be pointed out that the predictions of hydrological components in the current study were based on the use of the same
land cover for the historic as well as the future period. This may
have under estimated the AET, as denser vegetation and larger
AET are expected to increase with higher temperature and CO2
concentration in the future (Abbaspour et al., 2009). In addition,
the study does not consider any changes in the soil parameters
in the future. Land use changes such as urbanization, re- and deforestation change surface properties, which in turn affect partitioning of rainfall into runoff and inﬁltration. Also, soil erosion that
is widespread in Africa, changes soil properties and may lead to a
different response of soil in partitioning the inﬁltrated water between AET, soil moisture, and deep aquifer recharge (Setegn
et al., 2011). Therefore, an advanced study of climate change
impact assessment while considering the land cover and soil

parameter changes would increase the conﬁdence on the projected
results.
Another area of concern that warrants more research is the use
of data set embedding ﬁve GCMs in this study. Although scenarios
and GCMs designed to cover 93% of future uncertainty in 21st century (Mitchell et al., 2004), perusing a thorough investigation
based on combined effect of other GCMs or RCMs might result different outcomes.
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