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ABSTRACT

Changes in rainfall and temperature extremes are predicted by many global climate models as a response to

greenhouse gas increases, and such changes will have significant environmental and social impacts. A regional

climate model is used to predict changes in extremes across tropical and northern Africa for 2041–60 under

a midline emissions forcing scenario. Six indicators are examined, including annual extreme and daily diurnal

temperature ranges, heat wave days, number of dry days, number of extreme wet days, and extreme wet day

rainfall intensity. Confidence in the projections is evaluated by examining the ensemble spread and the

validation of extreme events in the twentieth-century simulation.

Despite an increase in both daily minimum and maximum temperatures, diurnal temperature ranges de-

crease from West Africa to Ethiopia during spring and fall, over the Sahel during summer, and over the Congo

basin during winter and spring. Diurnal temperature ranges increase over the Horn of Africa during boreal

winter and over Kenya and Tanzania during boreal summer. The number of heat wave days increases north of

88N with the largest increase (60–120 days) over the western Sahel. The number of dry days decreases over

the Congo and the central Sahel but increases over East Africa, the latter associated with a reduction in the

springtime long rains. The number of extreme wet rainfall days is projected to increase over West Africa, the

Sahel, and the Ethiopian Highlands but decrease over the Congo. The predicted changes in extreme wet

rainfall intensity are highly regional.

1. Introduction

Future changes in extreme events, including droughts

and intense rainfall, will have significant impacts on the

environment and society. This is especially true over

Africa, as the continent is thought to be particularly sus-

ceptible given a high vulnerability to climate variability

and relatively low adaptive capacity. Mid-twenty-first-

century climate projections on regional space scales are

needed to improve our understanding of future changes

and allow for better planning to help mitigate impacts

over Africa. Coupled atmosphere–ocean global circula-

tion models (AOGCMs) being run in advance of the In-

tergovernmental Panel on Climate Change (IPCC) Fifth

Assessment Report (AR5) are one source of information,

but the horizontal space scales of these models, generally

about 200 km, may not be ideally suited to evaluate

changes in extreme events locally. Regional climate

modeling can increase this resolution to capture extreme

events more accurately. In addition, the regional mod-

eling approach allows one to choose parameterizations

that work well in the region of interest.

The purpose of this study is to evaluate changes in

temperature and precipitation extremes over northern

and tropical Africa for the mid-twenty-first century due

to increased CO2 forcing/global warming using a regional

climate model, and to evaluate confidence in those pre-

dictions. The simulation design differs from traditional

dynamic downscaling methods in which boundary con-

ditions are taken from a global climate model. In this

study, late-twentieth-century boundary conditions are

derived from reanalysis data, while mid-twenty-first-

century boundary conditions are generated by add-

ing anomalies generated from AOGCMs to the late

twentieth-century boundary conditions generated from

the reanalysis. This method increases the accuracy of the

twentieth-century simulation and limits the influence

of AOGCM errors in the regional model. Rather than

providing a direct downscaling of the AOGCM results,

these regional model simulations are providing a pro-

jection that is more independent of the GCMs and,
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therefore, more valuable in assessing confidence through

multimodel comparisons.

The background is reviewed in section 2. A descrip-

tion of the regional climate model and experimental

design are presented in section 3a. The extreme weather

indicators used are described in section 3b, and the

evaluation of confidence is addressed in section 3c. A

validation of each indicator is presented in section 4

along with an evaluation of its mid-twenty-first-century

prediction. Conclusions are summarized in section 5.

2. Background

The frequency and intensity of extreme events are

expected to change as the climate warms under green-

house gas forcing [see the IPCC Fourth Assessment

Report (AR4), Meehl et al. (2007)], including more

frequent and persistent heat waves, a decrease in the

diurnal temperature range, increased summer dryness,

and increased intense precipitation and flooding.

Post-IPCC AR4 research on changes in extremes spe-

cific to tropical and northern Africa is limited, often fo-

cused on the end of the twenty-first century when the

climate change signal is more clearly distinguished from

the background variability. Shongwe et al. (2011) evalu-

ate twenty-first-century changes in extreme rainfall over

Kenya, Uganda, and Tanzania using Coupled Model In-

tercomparison Project Phase 3 (CMIP3) atmosphere–

ocean global circulation model (AOGCM) output under

the A1B emissions scenario. They find an increase in

mean rainfall rates and high intensity events for the end

of the century, especially during boreal fall short rains.

Sylla et al. (2010) analyze projections from a regional

model constrained by the ECHAM5 AOGCM for the

end of the twenty-first century under the A1B forcing

scenario and find an increased likelihood of dry spells

over the western Sahel and West Africa.

Patricola and Cook (2010, 2011) evaluate late twenty-

first century regional climate model projections run un-

der the A2 ‘‘business as usual’’ emissions scenario. Their

model predicts wetter conditions during boreal spring

over West Africa, but midsummer drying develops

during June and July accompanied by increased risk of

heat stroke over the Sahel. During late summer, wetter

conditions resume, increasing the risk for flooding and

higher intensity rainfall events along the Guinean coast.

Paeth and Thamm (2007) use a regional model to

examine changes in extreme events over tropical and

sub-Saharan Africa until 2025 under the A1B emissions

scenario. Their projections indicate that tropical Africa

is likely to be drier in the future with less severe rainfall

extremes during boreal summer but with more intense

heat waves. In another regional modeling study with

future land-cover changes included, Paeth et al. (2009)

project significantly longer dry spells until 2050 over

tropical and sub-Saharan Africa. Paeth et al. (2011) ex-

amine the changes in annual precipitation during the

2001–50 period from 10 different regional climate models

from the Ensembles-based Predictions of Climate Changes

and Their Impacts (ENSEMBLES) Africa project. While

the average results indicate a drying tendency in sub-

Saharan Africa, there is a large spread among models.

Vigaud et al. (2011) use a regional model to downscale

low-resolution GCM projections over West Africa for

2032–41 under the A2 emissions scenario. They find that

rainfall patterns produced by the regional model over sub-

Saharan western and central Africa are more realistic than

the GCM, with an improved representation of less intense

rainfall events. Their regional model predicts a signifi-

cant increase in boreal summer rainfall over the central

Sahel and a general warming of the surface by 1–2 K

during 2032–41.

The studies discussed above provide a basis for begin-

ning to understand how extreme events may change in the

future over Africa as they provide information related to

changes in temperature and/or precipitation extremes in

some manner. However, these studies do not always

provide analysis for the same period in time nor do they

examine the same extreme indicators making it difficult

to thoroughly and confidently evaluate how extreme

events will change at midcentury. This study attempts to

bridge this gap by providing a detailed regional analysis

of extreme indicators relevant to sub-Saharan northern

and tropical Africa on annual to monthly time scales

produced by a higher-resolution regional climate model.

3. Methodology

a. Regional climate model simulations

The regional climate model simulations evaluated in

this study are the same as those analyzed in Cook and

Vizy (2012). Below is a brief description of the simula-

tion design. For a complete description and comprehen-

sive validation please see Cook and Vizy (2012).

The National Center for Atmospheric Research–

National Oceanic and Atmospheric Administration

(NCAR–NOAA) Weather Research and Forecasting

(WRF) (Skamarock et al. 2005) regional model V3.1.1 is

used with a time step of 180 s, horizontal resolution of

90 km, and 32 vertical levels. The top of the atmosphere

is set at 20 hPa. This resolution is chosen because pre-

vious studies (Patricola and Cook 2010, 2011) demon-

strate that the model can realistically simulate the African

climate at this resolution.

A large model domain is selected (Fig. 1). The lateral

boundaries are positioned far away from Africa to provide
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ample space for the development of subtropical anticy-

clones over the adjacent oceans and to minimize the

effects of their constraints in the analysis region. Physi-

cal parameterizations chosen include the Yonsei Uni-

versity planetary boundary layer (Hong et al. 2006),

Monin–Obukhov surface layer, new Kain–Fritsch cumu-

lus convection (Kain 2004), Purdue–Lin microphysics

(Chen and Sun 2002), the Rapid Radiative Transfer

Model (RRTM) longwave radiation (Mlawer et al.

1997), the Dudhia shortwave radiation (Dudhia 1989),

and the unified Noah land surface model (Chen and

Dudhia 2001).

An ensemble approach is applied to improve the re-

liability of the simulations and provide a tool for eval-

uating confidence. Two ensembles, each consisting of

six year-long simulations, are constructed. The first

represents the late twentieth century (1981–2000) and is

referred to as ‘‘20C.’’ Initial, surface, and lateral

boundary conditions are derived from the 1981–2000

monthly climatology of the National Centers for Envi-

ronmental Prediction reanalysis 2 (NCEP2) (Kanamitsu

et al. 2002). Lateral boundary conditions are updated

every 6 h using the NCEP2 climatology interpolated onto

the boundaries. The monthly means are assumed to

represent the middle of the month, and linear in-

terpolation is used to generate boundary conditions every

6 h. These boundary conditions include seasonality, but

shorter time scales are filtered out. This ‘‘climate mode’’

methodology has been demonstrated to be useful in past

regional modeling studies over Africa and the adjacent

oceans (e.g., Vizy and Cook 2002, 2003; Hagos and Cook

2007; Patricola and Cook 2007, 2010, 2011).

The six 20C ensemble members differ in their initial

conditions. They are taken from two 3-yr integrations

that are initialized at 0000 UTC 1 March and 0000 UTC

15 March, respectively. Each 3-yr integration is spun up

until the following 1 January to allow the subsurface soil

moisture and soil temperature to equilibrate with the

climate. (For computational efficiency, each of the six

ensemble members is not spun up individually.) The six

members are treated and analyzed as independent an-

nual simulations, and simulations from one 3-yr run do

not tend to cluster (Cook and Vizy 2012). Model output

is written every 3 h for analysis.

The second ensemble represents the mid-twenty-first

century (2041–60) under the IPCC AR4 A1B emissions

scenario and is referred to as ‘‘21C.’’ CO2 concentra-

tions are adjusted from late twentieth-century values to

536 ppmv, which represents the 2041–60 average under

the A1B emissions scenario. Effects of other greenhouse

gases and aerosols are not included. SSTs, initial, and

lateral boundary conditions for the 21C simulations

are derived from a coupled atmosphere–ocean GCM

(AOGCM) and applied as anomalies to the 20C bound-

ary conditions from the reanalysis. The AOGCM anom-

alies are calculated as the differences between the

monthly mean, A1B-forced simulations averaged over

2041–60 and monthly mean historical simulations

averaged over 1981–2000. These anomalies are in-

terpolated to the NCEP2 reanalysis grid, added to the

reanalysis climatological monthly values, and linearly

interpolated to form 6-hourly values. The 20C soil

moisture initialization values are used for the 21C

simulations, and the six members of the ensemble are

generated in the same way as for the 20C ensemble.

Output from nine AOGCMs prepared for the CMIP3

multimodel dataset (Meehl et al. 2007) are used to gen-

erate the future anomalies by formulating a multimodel

ensemble mean difference. Multimodel mean anomalies

are used to reduce the dependence of the projections on

individual AOGCMs. The models used include the Ca-

nadian Centre for Climate Modeling and Analysis Cou-

pled General Circulation Model, version 3.1 [CGCM3.1

(T47)]; the Centre National de Recherches Météor-

ologiques Coupled Global Climate Model, version 3

(CNRM-CM3); the Max Plank Institute for Meteorol-

ogy Ocean Model (ECHAM5/MPI-OM); the NOAA/

Geophysical Fluid Dynamics Laboratory (GFDL) Cli-

mate Model, version 2.0 (CM2.0); the Model for Interdis-

ciplinary Research on Climate 3.2, medium-resolution

version [MIROC3.2(medres)]; the Meteorological Re-

search Institute Coupled General Circulation Model,

version 2.3.2 (MRI-CGCM2.3.2); the NCAR Community

FIG. 1. The 90-km resolution model domain and 21C annual

SSTAs (K). Boxes denote averaging regions used in the analysis and

include the Sahel (12.58–20.08N, 15.78W–39.48E), West Africa (4.98–

11.78N, 15.78W–10.18E), Central Africa (4.98–11.78N, 11.08–39.48E),

Horn of Africa (4.08–11.78N, 41.18–52.38E), Congo (4.68S–2.38N,

10.18–27.38E), and Tanzania–Kenya (8.08S–1.48N, 34.28–44.68E).
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Climate System Model, version 3 (CCSM3); the NCAR

Parallel Climate Model (PCM); and the third climate

configuration of the Met Office Unified Model (HadCM3).

b. Indicators of extreme weather

Six main indicators of climate extremes are evaluated.

The extreme temperature range is the difference be-

tween the warmest daily maximum temperature of the

year minus the coldest daily minimum temperature of

the year. It provides a simple measure of temperature

range (Frich et al. 2002; Tebaldi et al. 2006).

The daily diurnal temperature range is defined in the

statistical software package RClimDex, developed at the

Climate Research Branch of the Meteorological Service

of Canada (Zhang and Yang 2004). This indicator is the

difference between the maximum temperature and the

minimum temperature for a given day. Unlike its use in

RClimDex, this measure is not averaged into monthly

means here. This indicator provides daily to seasonal in-

formation about how temperature ranges change, which

supports the interpretation of simulated changes in the

extreme temperature range.

Predicting heat wave days is important because hot

spells are often associated with mortality statistics, but

there is no universally applied definition of a heat wave

(Robinson 2001). Frich et al. (2002) define a heat wave

as at least five consecutive days with the maximum

temperature 58C greater than the climatological daily

normal. In RClimDex (Zhang and Yang 2004), a warm

spell is at least six consecutive days when the maximum

temperature exceeds the 90% percentile of the daily

normal. The issue with these ‘‘deviation from the nor-

mal’’ heat wave measures is that they may or may not be

associated with health-related/mortality issues because

universal biological factors contribute to the specifica-

tion of healthy temperatures.

Other definitions, such as the one employed by the

U.S. National Weather Service (NWS), define heat waves

based on the exceedence of a fixed value that represents

a lower physiological limit threshold (Robinson 2001).

The NWS uses the maximum apparent temperature,

which factors in temperature and relative humidity to

identify extreme days that are of concern for human

health.

The indicator evaluated in this study is based on ap-

parent temperature, similar to the NWS method. Here,

apparent temperature, Ta,, is defined as in Steadman

(1979, 1984) by

Ta 5 22:07 1 1:04T 1 2:0e 2 0:65y10,
(1)

where T is air temperature, e is vapor pressure (kPa),

and y10 is the 10-m wind speed. The maximum daily

apparent temperature is determined and a heat wave is

defined when the daily maximum apparent temperature

is greater than or equal to 314.15 K (418C) for at least

three consecutive days. The threshold of 418C represents

the point when heat cramps and heat exhaustion are

likely, with heat stroke probable with continued activity

based on the NWS scale. A duration of at least three

consecutive days is chosen based on evidence that mor-

tality is more likely by the third day under such condi-

tions (Kalkstein and Smoyer 1993).

The number of dry days is the number of days per year

when the daily rainfall rate is less than 1 mm. Unlike

comparable measures, for example, those used by Frich

et al. (2002), Zhang and Yang (2004), and Tebaldi et al.

(2006), the days need not be consecutive as the simula-

tion design described in section 2a is not appropriate for

evaluating dry periods that extend multiple years.

The number of extreme wet days counts the number

of days per year when the daily rainfall rate exceeds a

threshold. Two threshold values are used. One is the

95th percentile (Frich et al. 2002; Zhang and Yang 2004)

and the other is 1.5 3 interquartile range (IQR) of the

local rainfall distribution (Moore and McCabe 1993).

The extreme wet day rainfall intensity is the average

daily rainfall rate of the extreme wet days based on the

two thresholds discussed above. It is calculated by di-

viding the annual accumulated daily rainfall associated

with extreme wet days by the number of extreme wet

days.

c. Evaluating confidence

Confidence in the simulations is evaluated by the

following methods:

d The quality of the 20C simulation is evaluated to as-

sess how realistically the model can reproduce the

six indicators of extreme events discussed above.

A reasonable representation of these indicators is

viewed as a necessary but not sufficient condition for

a confident prediction. Multiple datasets are used

for validation so uncertainty in the observations and

reanalyses can be factored into the validation pro-

cess. For the extreme indicators dependent on tem-

perature the NCEP2 and the ECMWF Re-Analysis

Interim (ERA-I) reanalyses are used, while precipitation-

based indicators are validated against the NASA Global

Precipitation Climatology Project (GPCP) 18 daily

rainfall dataset and the NASA Tropical Rainfall Mea-

suring Mission (TRMM) 0.258 resolution 3B42V6 rain-

fall estimate.
d The degree of agreement among individual ensemble

members for extreme event indicators is assessed.

More confidence is placed in a projection when there
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is good agreement among the members and vice

versa.
d Results are compared with other modeling studies for

the mid-twenty-first century when available.

4. Results

a. Extreme temperature range

Figures 2a and 2b show the average annual extreme

temperature range from the NCEP2 and ERA-I rean-

alyses. A band with small temperature ranges crosses

the continent between 88S and 58N. Both reanalyses

place the lowest ranges, below 20 K in NCEP2 and be-

low 15 K in ERA-I, over the Congo basin centered on

the equator and extending into a narrow region along

the Guinean and Somali coasts. The range increases

northward from the equator and is fairly zonally uni-

form. It reaches a maximum greater than 45 K over

Algeria. The two reanalyses differ in the magnitude of

this maximum with NCEP2 values approximately 10 K

larger than those in the ERA-I reanalysis. Note NCEP2

is known to have a cold and wet bias over the Sahara

and Sahel (Betts et al. 2006; Kharin et al. 2007). Over

southern Ethiopia, Somalia, and Kenya the tempera-

ture range varies between 15 and 25 K.

Figure 2c shows the average annual extreme temper-

ature range from the 20C ensemble mean. Overall, the

simulated range is consistent with the reanalysis ranges,

but it is in better agreement with the ERA-I values than

the NCEP2 values. This includes a more modest range of

25–30 K over the southern Sahel (108–158N) compared

to the 35–40-K range in the NCEP2 reanalysis.

Figure 2d shows the difference in extreme tempera-

ture range for the 21C–20C ensemble means, and Figs. 2e

and 2f show 21C–20C differences in the average mini-

mum and maximum annual temperatures, respectively.

There is a projected decrease in the future extreme

temperature range over all of tropical and northern Africa,

and there is no discernible latitudinal dependence of the

difference field (Fig. 2d). The largest reductions, over

4 K, occur over the Congo. Over the Sahel (108–208N)

there is a 2–3-K decrease, while over the Sahara there

are regional decreases including over Algeria (1–3 K)

and Egypt (1–2 K). Both annual minimum and maxi-

mum temperatures increase in the future (Figs. 2e and

FIG. 2. Average annual extreme temperature range from the (a) NCEP2 reanalysis (1989–2009 average), (b) ERA-Interim reanalysis

(1989–2009 average), and (c) 20C (six-member ensemble mean). The 21C minus 20C average annual (d) extreme temperature range, (e)

minimum temperature, and (f) maximum temperature differences. Units are K.
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2f) but the increase in the minimum temperature is

generally greater than the increase in the maximum tem-

perature, consistent with greater warming at night and

observed trends (e.g., Vose et al. 2005).

Figure 3 shows 20C and 21C daily minimum and maxi-

mum temperatures for the West Africa, Sahel, and Central

Africa averaging regions (Fig. 1). Values from each en-

semble member are plotted using black (20C) and gray

(21C) lines, and the ensemble mean is indicated by the

white lines embedded among the values from the en-

semble members. Over West Africa (Figs. 3a,b) the in-

crease in minimum temperature is greater than the

increase in maximum temperature from February to

mid-May and from mid-October through December,

resulting in 0.5–1.5-K decreases in the daily temperature

range. During the West African monsoon season (mid-

May–mid-September) there is little predicted change in

the daily temperature range. Note there is good agree-

ment among individual ensemble members (Fig. 3a).

The spread in daily maximum and minimum tempera-

tures is generally less than 61 K, and all 20C ensemble

members are clearly distinguished from all of the 21C

ensemble members. The 1.5–2.5-K increase in the maxi-

mum and minimum temperature (Fig. 3b) is consistent

with the mid-twenty-first-century increase projected

by the IPCC AR4 (Meehl et al. 2007) and regional

modeling studies (Paeth and Thamm 2007; Vigaud

et al. 2011).

Over the Sahel (Figs. 3c,d) minimum temperatures

warm more than maximum temperatures for most of the

year, suggesting that the global warming temperature

signal is greater during the night. The largest decreases

in the daily temperature range (i.e., 0.5–1.8 K) are projected

for May/early June, and August/September. Both the

FIG. 3. Regional daily maximum and minimum temperatures for the 20C (black) and 21C (gray) simulations for the (a) West Africa, (c)

Sahel, and (e) Central Africa regions. Shading denotes individual ensemble members while white lines denote ensemble means. The 21C–

20C ensemble mean regional daily maximum (black) and minimum temperatures (gray) differences for the (b) West Africa, (d) Sahel, and

(f) central Africa regions. Units are K.
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May/June and August/September changes are associated

with an increase in rainfall over the Sahel and a strength-

ening of the thermal low over the Sahara [see Figs. 7c and

8b in Cook and Vizy (2012)]. The projected 1.5–3-K

increase in the minimum and maximum temperatures

agrees with the mid-twenty-first-century IPCC AR4

AOGCM A1B projections of 2–2.5-K warming (Meehl

et al. 2007).

Farther south, over the Central Africa region (Figs. 3e,f),

the largest decreases in the daily temperature range

(0.4–1.5 K) occur during April and October/November.

Daily maximum and minimum temperatures warm by

1.5–2 K during boreal summer, up to 2.5 K in boreal fall,

and up to 3 K in boreal winter. For comparison, the

IPCC AR4 AOGCMs project an annual warming of 1.5–

2 K over this region (Meehl et al. 2007).

Figures 4a and 4b show the 20C and 21C daily mini-

mum and maximum temperatures and their differences

over the Horn of Africa averaging region. Here there is

a predicted increase in the daily temperature range

during mid-January through March, associated with an

approximate 20% decrease in low-level relative hu-

midity (not shown). Minimum and maximum tempera-

tures are predicted to warm by 1.5–2.5 K, consistent

with IPCC AR4 mid-twenty-first-century A1B annual

projections for the region (Meehl et al. 2007).

Over the Kenya–Tanzania region (Figs. 4c,d), there is

a predicted increase in the daily temperature range from

mid April until mid August as the low to midlevel relative

humidity is projected to decrease by 10%–20%. This is

associated with a weakening of the easterly flow and

moisture transport from the Indian Ocean (not shown).

FIG. 4. Regional daily maximum and minimum temperatures for the 20C (black) and 21C (gray) simulations for the (a) Horn of Africa,

(c) Kenya–Tanzania, and (e) Congo regions. Shading denotes individual ensemble members while white lines denote ensemble means.

The 21C–20C ensemble mean regional daily maximum (black) and minimum temperatures (gray) differences for the (b) Horn of Africa,

(d) Kenya–Tanzania, and (f) Congo regions. Units are K.
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The future increase in daily minimum temperature

over the Congo region (Figs. 4e,f) is predicted to be larger

than the increase in the maximum temperature during the

boreal winter and spring months, indicating a reduced

daily temperature range. The largest differences of up

to 2 K occur during January–February. This change co-

incides with at least a doubling of the 21C precipitation

over the Congo region during this time (see Fig. 11c in

Cook and Vizy 2012). Paeth and Thamm (2007) also

predict weaker warming over a large part of the Congo

basin during the boreal winter months compared to the

rest of the year in their 2000–25 regional climate model

simulations.

b. Heat wave days

Figures 5a and 5b show the number of heat wave days

per year calculated from the NCEP2 and ERA-I rean-

alyses for 1989–2009. Both reanalyses have a maximum

across the Sahel, with up to 20 heat wave days per year.

Local maxima are located over northeastern Sudan, the

Bodélé region of Chad, southwestern Niger/northern

Burkina Faso, and northern Senegal/southern Maur-

itania. Over the northwestern Sahara, including Algeria,

Mauritania, and northern Mali, the two reanalyses dis-

agree, with relatively few heat wave days in the NCEP2

reanalysis compared to 40–60 days yr21 in the ERA-I

reanalysis.

Figure 5c shows the 20C ensemble-mean number of

heat wave days per year. The regional model reproduces

the location of the heat wave day maxima across the

Sahel. Similar to the ERA-I reanalysis, the regional model

produces a maximum over the northwestern Sahara of

Algeria, northern Mali, and eastern Mauritania, but the

number of days predicted is approximately 5–10 more

than observed from the ERA-I reanalysis. Likewise, the

regional model tends to simulate more heat wave days

compared to the ERA-I over Libya and Egypt.

Figure 5d shows the ensemble mean difference, 21C 2

20C, in the number of heat wave days simulated. The

average number of heat wave days increases across the

Sahel, with the largest rise (80–120 days) occurring over

the western Sahel between 128 and 188N from Senegal

to Niger. The projected increase in the number of heat

wave days over the Sahel occurs in every month from

March through October (not shown). There is also a

predicted increase in the number of heat wave days over

FIG. 5. Average number of heat wave days per year from the (a) NCEP2 reanalysis (1989–2009 average), (b) ERA-

Interim reanalysis (1989–2009 average), and (c) 20C ensemble (six-member average). (d) 21C minus 20C difference

in the average number of heat wave days per year.
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northern West Africa and the Central Africa averag-

ing regions (between 88–118N). This increase occurs

during boreal spring with a peak in April, a time when

the solar insolation is moving north of the equator and

the low-level atmospheric moisture content is build-

ing, but the high rainfall rates of the monsoon have not

yet begun.

These mid-twenty-first-century heat wave projections

agree with the Patricola and Cook (2010) late twenty-

first-century A2 scenario heat index projections in that

the largest increase in heat wave days that impact human

health occurs across the entire Sahel and, to a lesser

extent, over the western Sahara in southern Algeria and

northern Mali. The increase in the number of heat wave

days is greater over the Sahel by the end of the twenty-

first century, with a projected 140–180-day increase over

the late twentieth-century totals. Unlike in Patricola and

Cook, there is no evidence of an increase in heat wave

days over the Congo basin indicating that the mid-

twenty-first-century warming is likely not strong enough

as of yet to exceed the threshold.

c. Number of dry days

Figures 6a and 6b show the number of dry days per

year as estimated from the GPCP 18 daily rainfall da-

taset and the NASA TRMM 0.258 resolution 3B42V6

estimate. Both products agree that the fewest dry days

occur over the Congo basin and the West African coast

between 58–108N but they disagree on the number of dry

days, with the GPCP climatology indicating approxi-

mately 50–80 fewer dry days than the TRMM observa-

tions. There is a similar disagreement in the number of

dry days between the two rainfall products farther north

between 48–128N. There is generally good agreement

over the Horn of Africa region, with both TRMM and

GPCP data indicating greater than 330 dry days. How-

ever, the spatial coverage of the number of dry days

greater than 330 days is more widespread over Somalia

and eastern Ethiopia in TRMM.

The number of dry days simulated in the 20C en-

semble mean is shown in Fig. 6c. The overall pattern is

realistic, but the regional model does not simulate as

FIG. 6. Average number of days per year when the daily rainfall is less than 1 mm day21 in the (a) 1997–2008 GPCP 18 daily pre-

cipitation climatology, (b) 1998–2010 TRMM climatology, and (c) 20C ensemble (six-member average). The (d) difference for 21C minus

20C in the number of days per year when the daily rainfall is less than 1 mm day21 and the (e) 21C minus 20C percent change difference.
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many dry days as in the observations so the agreement

with the GPCP data is better than with TRMM. Along

the Guinean coast there are 60 to 90 fewer dry days

compared with the GPCP. The model captures the

Congo basin minimum, but somewhat too strongly. How-

ever, the regional model results represent an improve-

ment over the IPCC AR4 AOGCMs, which tend to

oversimulate the number of days when the daily rainfall

is greater than 1 mm over tropical Africa (not shown).

Figure 6d shows the 21C–20C ensemble mean differ-

ence in the number of dry days per year, and Fig. 6e

shows the percentage difference. The 21C simulation

projects a 5–20-day decrease in the number of dry days

between 88–158N over Niger, northern Nigeria, Chad,

Sudan, and the Central African Republic, which trans-

lates into a 3%–7% reduction in the number of dry days.

The number of dry days decreases by 15–35 days over

the Congo basin, a 15%–25% reduction. Over Guinea,

Sierra Leone, southwestern Mali, the Ethiopian High-

lands, and central Somalia the number of dry days in-

creases by 5–20 days, a 2%–10% increase.

Figure 7 shows the annual time series of the ensemble-

mean number of dry days per month from 20C (black

lines) and 21C (gray lines) over the six averaging regions

(Fig. 1). In West Africa there is a 5% (15%) decrease

in the number of dry days during February (October),

which translates to approximately 1.12 (2.94) less dry

days in 21C. During May and August there are 2.12 day

(130%) and 1.51 day (116%) increases in the number

of dry days over West Africa. In February and October

all six 21C ensemble members fall below the 20C en-

semble mean, and in May and August they are all above

the 20C mean. The spread among the 21C ensemble

members is less than in 20C. Using a Student’s t test to

evaluate statistical significance reveals that the April,

May, August, and October differences are significant at

the 90% confidence interval.

Over the Sahel (Fig. 7b) there is a 1–2-day decrease in

the number of dry days per month between May and

August, which is a 3%–8% decrease. The spread be-

tween the ensemble members is large for May and June

but smaller in July and August when all 21C ensemble

members are below (drier than) the 20C ensemble mean.

Results are statistically significant at the 80% interval for

May and at the 90% level for July and August.

Over Central Africa (Fig. 7c) the differences between

20C and 21C are small except during May and October

when there is a 2.56- (33%) and a 1.42-day (6.5%) de-

crease in the number of dry days. The May 21C en-

semble member spread is less than the 20C ensemble

mean with results statistically significant at the 90% in-

terval, but in October the 20C and 21C spreads overlap

with a statistical significance only at the 80% interval.

Over the Horn of Africa (Fig. 7d) and Kenya–Tanzania

(Fig. 7e) regions there is a projected increase in the

number of dry days during the April/May long rains and

the October short rains, while in December there is a 1–

2-day reduction. These changes over the Horn of Africa

are not highly statistically significant, but the changes

over Kenya–Tanzania in May, June, and December are

significant. Over the Congo (Fig. 7f) there is a statisti-

cally significant 30%–40% decrease in the number of

dry days from January through May. All six 21C en-

semble members are below the 20C ensemble mean for

this period. This result is consistent with the IPCC AR4

AOGCM model projections (Tebaldi et al. 2006; Meehl

et al. 2007), which project a decrease in the number of

dry days over the Congo basin by the end of the twenty-

first century under the A1B emission scenario.

d. Number of extreme wet days and extreme wet-day
rainfall intensity

As discussed above, two methods are used to define

extreme rainfall days. One is rainfall rates that exceed

the 95th percentile of daily rainfall intensity. The dis-

tribution of the daily rainfall intensity that corresponds

to the 95th percentile for the GPCP and TRMM rainfall

data are shown in Figs. 8a and 8b. In most regions the

threshold rainfall intensity is significantly higher (by 15–

30 mm day21) in TRMM compared with GPCP; these

differences may be due, in part, to differences in reso-

lution since rainfall rates tend to increase when observed

or modeled at higher resolution. In addition to differ-

ences in magnitude, there are also some notable differ-

ences in the structure of the distribution, for example,

over the Gulf of Guinea. However, both GPCP and

TRMM place relatively high threshold values along

the Guinean coast and over the southern Sahel cen-

tered along 148N with larger magnitudes west of 108E.

This maximum corresponds with the location of the

summer storm track of easterly waves and squall line

activity. Both datasets also have maxima over the west-

ern Congo basin and Kenya, Tanzania, and southern

Somalia.

Rainfall intensities that correspond to the 95th per-

centile in 20C are shown in Fig. 8c. The regional model

produces a southern Sahel maximum but it is located

approximately 28 of latitude farther south than in the

observations. The regional model also captures a local

maximum in the Congo basin but underestimates the

intensity over the equatorial Atlantic and East Africa.

The underestimation over the equatorial Atlantic may

be related to the model’s dry bias in this region during

boreal winter and spring when simulated rainfall rates

are 40%–60% lower than in TRMM (see Fig. 4 in Cook

and Vizy 2012).
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Figures 8d,e show the average number of extreme

heavy rainfall days per year using the 95th percentile

threshold for the GPCP and TRMM observations. De-

spite the differences in the magnitude of the 95th per-

centile intensity (Figs. 8a,b), observed numbers of

extreme heavy rainfall days are similar. Both TRMM

and GPCP indicate that the highest number of extreme

rainfall days occurs over the eastern Congo basin with

numbers ranging from 6–12 days in TRMM to 8–14 days

in GPCP. Along the Guinean coast there are generally

4–8 extreme rainfall days, with slightly more days in

GPCP than TRMM. The number of extreme rainfall

days decreases over the southern Sahel, with none north

of about 178N.

FIG. 7. 20C (black line) and 21C (gray line) ensemble mean average number of dry days per month for the (a) West

Africa, (b) Sahel, (c) Central Africa, (d) Horn of Africa, (e) Kenya–Tanzania, and (f) Congo regions. Vertical bars

denote the spread of the individual ensemble members. Monthly statistical significance is denoted by the symbols

under the x axis. The #, 1, and * denote statistical significance at the 80%, 90%, and 95% confidence intervals,

respectively.
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The regional model produces a distribution of the

numbers of extreme rainfall days over sub-Saharan north-

ern Africa that is similar to the observations (Fig. 8f), but

the model simulates approximately 2 (4) more extreme

rainfall days per year over West Africa compared to

GPCP (TRMM). Over the Congo basin the regional

model simulates approximately 10–14 extreme rainfall

days per year compared to 8–12 days in GPCP and 6–8

days in TRMM. The model realistically simulates the

number of extreme rainfall days over the East African

coastal plains and the Ethiopian Highlands. The rela-

tively good agreement in the number of extreme wet

rainfall days per year between the observations and model

indicates that they produce a similar number of events.

Figures 8g–i show the average rainfall intensity of

extreme wet rainfall days for the GPCP, TRMM, and

20C simulations, respectively. While the magnitudes dif-

fer considerably between the GPCP and TRMM, spatial

patterns are similar over some regions. This includes rel-

ative maxima over the western Sahel, the Gulf of Guinea

FIG. 8. Extreme daily heavy rainfall threshold (mm day21) calculated from the (a) 1997–2008 GPCP 18 daily product, (b) 1998–2010

TRMM 3B42V6 product, and (c) 20C ensemble. Threshold is defined as the 95th percentile for rainy days (i.e., daily precipitation

$1 mm day21). The average number of extreme heavy rainfall days per year for the (d) GPCP, (e) TRMM, and (f) 20C ensemble, and the

average rainfall intensity per extreme wet day (mm day21) for the (g) GPCP, (h) TRMM, and (i) 20C ensemble.
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north of the equator, and along the Kenyan–Tanzanian

coast. The poorest agreement over the land occurs over

central Africa and the Congo basin, with GPCP intensities

at least half of the TRMM magnitudes. The simulated

rainfall intensity from the model (Fig. 8i) generally falls

within the observational range, with the distribution more

closely resembling GPCP rather than TRMM. The ex-

ception is over Somalia, Kenya, and Tanzania where the

simulated extreme wet day intensity is much lower than

the observed range reflecting the dry model bias over this

region (see Fig. 4 in Cook and Vizy 2012).

In Fig. 9, extreme events are defined using the IQR

approach discussed in section 3. Figures 9a,b show the

calculated threshold for the GPCP and TRMM data,

respectively. The distribution of the threshold intensity

is similar to that of the threshold value defined by the 95th

percentile in Figs. 8a,b, but with higher values in the

southern Sahel, Congo basin, and East Africa. As is the

FIG. 9. Extreme daily heavy rainfall threshold (mm day21) calculated from the (a) 1997–2008 GPCP 18 daily product, (b) 1998–2010

TRMM 3B42V6 product, and (c) 20C ensemble. The threshold is defined as value 1.5 3 interquartile range above the third quartile for wet

days (i.e., daily precipitation $1 mm day21). The average number of extreme heavy rainfall days per year for the (d) GPCP, (e) TRMM,

and (f) 20C ensemble, and the average rainfall intensity per extreme wet day (mm day21) for the (g) GPCP, (h) TRMM, and (i) 20C

ensemble.
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case when the 95th percentile is used, the higher-

resolution TRMM data has overall higher threshold

values than the GPCP, but the differences are reduced

somewhat when the IQR is used to define extreme

events. For example, the IQR threshold value is larger

over the Sahel, West Africa, Central Africa, and Congo

in the GPCP (cf. Figs. 8a and 9a) and smaller in the

TRMM (Figs. 8b and 9b) compared with the 95th per-

centile values. Over Kenya and Somalia the threshold

is approximately 5 mm day21 lower in GPCP compared

to Fig. 8a, and 10–20 mm day21 lower in TRMM com-

pared to Fig. 8b.

The 20C simulation extreme events defined by the

IQR method are shown in Fig. 9c. Again, the location of

the southern Sahel maximum is farther south than the

TRMM and GPCP maxima. The threshold over the Gulf

of Guinea north of the equator is also lower than in

TRMM and GPCP, and approximately 6–8 mm day21

lower than the threshold using the 95th percentile method

(Fig. 8c). In East Africa, the model places the most in-

tense events over the Ethiopian Highlands instead of in

Kenya, southern Somalia, and Tanzania as is observed.

Because the IQR threshold is generally greater than

the 95th percentile threshold in the GPCP observations,

the number of extreme rainfall days is less (Fig. 9d). The

exception is over Kenya, Somalia, and eastern Ethiopia

where the threshold is lower and the number of days is

greater. The converse is true for TRMM in general since

the IQR threshold value is lower than the 95th percen-

tile threshold value, so there is an increase in the number

of extreme rainfall days (Fig. 9e). The number of ex-

treme rainfall days in the 20C simulations (Fig. 9f) in-

creases over the southern Sahel and equatorial Gulf of

Guinea and decreases elsewhere associated with these

different threshold values.

Figures 9g–i show the average rainfall intensity of

extreme wet rainfall days for the observations and 20C

simulations. The spatial distribution of the intensity in

this method is similar to that from the 95th percentile

approach, but the magnitudes differ reflecting the differ-

ences in the threshold values between the two approaches.

The comparison between the two different methods

used to define extreme wet days presented above in

Figs. 8 and 9 demonstrates that the methodology can

affect the number and the intensity of extreme wet days

calculated. Furthermore, different high-quality obser-

vations can produce significantly different results even

when using the same approach. The two percentile-based

approaches used here are selected because they deter-

mine the threshold value at each data point based upon

the probability distribution of the individual datasets.

Thus, these approaches allow for spatial comparisons

because they sample the same part of the probability

distribution (Klein Tank et al. 2009). In contrast, for

example, if a fixed threshold value of 25 mm day21

were used, the results would not necessarily be com-

parable over all regions for the different datasets and

model output.

Figure 10 shows the simulated differences in the

number of extreme rainfall days per year for 21C–20C

using the two approaches along with the percentage

change. The distributions of both the differences and the

percentage change fields are similar for the two different

methods. The number of extreme wet days increases by

40%–60% (4–8 days) over West Africa south of 108N, by

at least 50% (1–5 days) over the central and eastern

Sahel, by 50%–90% (3–7 days) over the Ethiopian

Highlands, and by 50%–100% (1–4 days) over southern

Somalia, Kenya, and Tanzania. The number of extreme

wet days decreases by 30%–60% (3–6 days) over the

northern Congo basin, Central African Republic, north-

ern Cameroon, and southern Sudan. The largest differ-

ences between the two methods occurs over the northern

Congo basin and southern Sudan where the negative

anomalies for the IQR method (Fig. 10c) are approxi-

mately 2–3 days less than for the 95th percentile method,

and along the Nigerian–Cameroon coast where the pos-

itive anomalies are 3–5 days less.

In terms of the changes in 21C extreme wet rainfall

intensity (Fig. 11), the differences vary regionally and are

spatially complex for both methods. The most coherent

signals in both approaches include a 30%–70% decrease

in intensity over southern Niger and northeastern Mali;

a 10%–25% increase in intensity over Senegal, southern

Mali, Burkina Faso, northern Nigeria, and southern

Chad; and a 25%–75% increase over the Horn of Africa.

Figure 12 shows the ensemble-mean, area-averaged

number of extreme wet days per month and the ensemble

member spread from the 20C and 21C simulations for the

six averaging regions using the 95th percentile approach.

The IQR method yields similar results (not shown). Over

West Africa (Fig. 12a) the number of extreme rainfall

days increases by 10%–30% between April and October,

with the largest changes in June (i.e., 10.7 day) and

August (10.45 day), which are statistically significant at

the 90% and 80% intervals, respectively. The ensemble

member spreads suggests that there may be an increase in

the number of extreme wet days, but all six 21C ensemble

members are never greater than the 20C ensemble mean

for any month. The summer increase in the number of

extreme wet days is consistent with Patricola and Cook

(2010) who note an August–September increase in the

number of late twenty-first-century extreme wet rainfall

events over West Africa in their projections.

Over the Sahel (Fig. 12b) the average number of ex-

treme wet days doubles during May. There is little change
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in June, but the number of days increases by approxi-

mately 35% during July and August. Comparison of the

20C and 21C ensemble spreads indicates that not all

six 21C ensemble members are greater than the 20C en-

semble mean during July and August. Only July is sta-

tistically significant.

The number of extreme rainfall days decreases by

8%–28% over Central Africa (Fig. 12c) from April to

September with the largest differences during April

(i.e., 20.35 day) and August (i.e., 20.36 day). For this

region the 21C ensemble member spread is below the

20C ensemble mean value during June and August. In

April five of the six 21C ensemble members are less than

the 20C ensemble mean. The changes in June, August,

and October are statistically significant at the 80% con-

fidence interval.

The response over the Sahel and Central Africa is

associated with a boreal spring and late summer shift in

convection farther north over the Sahel related to the

warmer climate state. Cook and Vizy (2012) show that

the thermal low over the Sahara is stronger in 21C and is

associated with anomalous low-level southwesterly flow

that enhances moisture transport and rainfall over the

central and eastern Sahel while decreasing rainfall over

the Central Africa region. This change in the future

rainfall pattern agrees with the mid-twenty-first-century

A2 scenario projections by Vigaud et al. (2011).

There is little change in the number of extreme events

during the long rains of the boreal spring over the Horn

of Africa (Fig. 12d), but during the short rains of boreal

fall and winter there is a 5%–30% increase. There is

some separation between the 20C and 21C ensemble

members in October, with almost all of the 21C en-

semble members greater than the 20C ensemble mean.

There is one 20C run that is three times greater than any

of the other five 20C runs and this obscures the separa-

tion. The changes in April and September are statistically

significant.

FIG. 10. Ensemble mean (a) 21C minus 20C difference and (b) 21C percentage change in the number of extreme

wet rainfall days per year using 95th percentile of rainy days to identify extreme wet days. (c),(d) As in (a),(b), but

they are based on using the IQR approach to identify extreme wet days.
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The 21C differences in the number of extreme wet

days over Kenya–Tanzania (Fig. 12e) and Congo (Fig.

12f) indicate a dipole anomaly pattern. During the April

and May long rains the number of extreme wet days

decreases over Kenya and Tanzania by 21% (20.34 day)

but increases by 30% (10.78 day) over the Congo. Dur-

ing the boreal fall and winter short rains this pattern re-

verses and the number of extreme wet days increases over

Kenya and Tanzania by a factor of 4 (10.62 day) but

decreases by 20% (20.76 day) over the Congo. Note that

the spread between the individual ensemble members is

rather large for the spring long rains over both regions

with no clear separation between 20C and 21C as the

changes are not highly significant. The results are more

robust during fall and winter when there is separation

between 20C and 21C, in particular during October over

the Congo and December over Kenya and Tanzania. The

September–October decrease over the Congo and the

December increase over Kenya and Tanzania are statis-

tically significant. Cook and Vizy (2012) show that en-

hanced midtropospheric moisture divergence shortens

the long rains season of Kenya–Tanzania, while convec-

tion farther west over the Congo basin is enhanced. This

suggests that the mid-twenty-first-century long rains over

Tanzania–Kenya are likely to weaken producing fewer

extreme wet days, while the short rains will strengthen

yielding more extreme wet days and vice versa over the

Congo. This projection for the short rains agrees with

the CMIP3 AOGCM predictions, which also indicate a

future increase in the short rains over Kenya–Tanzania

associated with changes in Indian Ocean SST gradients

(Shongwe et al. 2011). Agreement is poor among the

CMIP3 AOGCMs on the long rains response, however,

as the AOGCMs are noted to have deficiencies in sim-

ulating precipitation during boreal spring over this re-

gion (Mutai et al. 1998; Shongwe et al. 2011).

FIG. 11. Ensemble mean (a) 21C minus 20C difference (mm day21) and (b) 21C percentage change in the extreme

wet rainfall intensity per event using 95th percentile of rainy days to identify extreme wet days. (c),(d) As in (a),(b),

but they are based on using the IQR approach to identify extreme wet days.
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To evaluate how the intensity of extreme wet rainfall

days change for each region, the ensemble-mean, area-

averaged total accumulated extreme wet rainfall for a

given region by the ensemble mean is divided by the

area-averaged number of extreme wet days per month

for the same region. Results from this calculation indicate

an increase in the intensity of both the long rains (by 19%

or 7.5 mm day21) and short rains (by approximately 3%

FIG. 12. 20C (black line) and 21C (gray line) ensemble mean average number of extreme heavy rainfall days per month

for the (a) West Africa, (b) Sahel, (c) Central Africa, (d) Horn of Africa, (e) Kenya–Tanzania, and (f) Congo regions.

Extreme heavy rainfall days are calculated using the 95th percentile of wet days to identify extreme wet days. Vertical bars

denote the spread of the individual ensemble members. Monthly statistical significance is denoted by the symbols under

the x axis. The #, 1, and * denote statistical significance at the 80%, 90%, and 95% confidence intervals, respectively.

5764 J O U R N A L O F C L I M A T E VOLUME 25



or 0.8 mm day21) over Kenya and Tanzania. The oppo-

site occurs over the Congo basin with a reduction in in-

tensity of the long rains (by 4% or 1.14 mm day21) and

short rains (by 3.9% or 1.08 mm day21). Over West Af-

rica the extreme wet rainfall intensity decreases by 13%

(5.64 mm day21) in May but increases by 2%–5% from

July–September. Likewise, over the Sahel the intensity is

reduced by 31% (12.5 mm day21) in June at the begin-

ning of the wet season but increases by 18% (7.37%) late

in the wet season (September).

5. Summary and conclusions

A regional climate model with 90-km resolution is

used to predict mid-twenty-first-century changes in cli-

mate extremes over northern and tropical Africa as the

climate warms under greenhouse gas forcing. Two en-

sembles consisting of six members each are generated

and analyzed. The first ensemble is a late-twentieth-

century control that is used to assess the ability of the

regional model to capture extreme weather events over

Africa. The second ensemble is representative of mid-

twenty-first-century (2041–60) climate under a midline

emissions scenario forcing [i.e., the Special Report on

Emissions Scenarios (SRES) A1B]. This target date

and emissions scenario forcing are chosen to produce

projections relevant for impacts analysis.

Six indicators of extreme weather are analyzed, in-

cluding annual extreme temperature range, daily temper-

ature range, the number of heat wave days, the number of

dry days, the number of extreme wet days, and the ex-

treme wet day rainfall intensity. Confidence in the pro-

jections for these measures is evaluated, based on the

model’s ability to simulate these extreme measures in

the twentieth century and agreement among ensemble

members.

Results for each extreme event indicator are sum-

marized below.

d Annual extreme temperature range: The simulations

project a widespread decrease in the annual extreme

temperature range including over West Africa (0.5–

1 K), the Sahel (2–3 K), and the Congo basin (up to

4 K). Both 21C maximum and minimum temperatures

are projected to increase, but the magnitude of the

increase is greater for the minimum temperature.
d Daily temperature range: Mid-twenty-first-century

daily maximum and minimum temperatures are pro-

jected to increase in all regions analyzed, but there are

regional and seasonal variations that affect the daily

temperature range. The daily diurnal temperature

range decreases over West Africa and Central Africa

during the boreal spring and fall by 0.3–1.2 K, over the

Sahel during May–September by 0.5–1.5 K, and over

the Congo basin during the boreal winter and spring

by 0.5–2.0 K. Conversely, the daily diurnal tempera-

ture range increases over the Horn of Africa during

the boreal winter by 0.3–1.2 K, and over Kenya–

Tanzania during the boreal summer by 0.2–1.5 K

associated with greater warming of the daily maxi-

mum temperature due to a decrease in atmospheric

relative humidity.
d Heat wave days: A marked increase in the number of

heat wave days is predicted over most of the Sahel and

Saharan Africa. The number of heat wave days is

projected to increase by 20–120 days over the Sahel,

by 20–60 days over the Sahara west of 158E, and by 5–40

days over the Sahara east of 158E. There is also a

projected increase in heat wave days in northernmost

West Africa and central Africa averaging regions

(between 88–118N) primarily during boreal springtime.
d Number of dry days: The number of dry days is pre-

dicted to decrease by 15%–25% over the Congo basin

and by 3%–7% over central Africa and the Sahel east

of 08E in the mid-twenty-first century. The decrease

over the Congo is primarily due to a decrease in the

number of dry days during the boreal winter and spring,

while the reductions over Central Africa and the Sahel

are associated with a decrease during the boreal spring

and summer, respectively. Over East Africa, the num-

ber of dry days is projected to increase by 5%–10% and

is associated with a weakening of the boreal spring long

rains.
d Number of extreme wet days: The number of extreme

wet days is predicted to increase over West Africa by

40%–60% (1–4 days), the southern Sahel by 50%–

90% (1–4 days), and the Ethiopian Highlands by

50%–90% (2–5 days). The future increase in extreme

days over the Sahel and West Africa is evenly distrib-

uted during the boreal summer months (see Figs. 12a,b).

Over Somalia, the number increases by 1–4 days, but

the regional model underestimates the frequency of

extreme rainfall days for this region in the 20C simu-

lation. For the Congo basin there is a 30%–60% (2–6

day) decrease in the number of extreme wet days. This

decrease is associated with a reduction in extreme wet

days during the short rains of the boreal fall (Fig. 12f),

which is partially offset by a predicted increase in

extreme wet days during the boreal spring long rains.

Over Kenya and Tanzania, the projected increase in

the number of extreme wet events is associated with

an increase in the number of boreal fall/early winter

short rain days, and is partially offset by a decrease in

extreme wet days during the long rains.
d Extreme wet day rainfall intensity: The changes in

extreme wet rainfall intensity are regional (Fig. 11).
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The more coherent responses include a 30%–70%

decrease in intensity over southern Niger and north-

eastern Mali; a 10%–25% increase in intensity over

Senegal, southern Mali, Burkina Faso, northern Ni-

geria, and southern Chad; and a 25%–75% increase

over the Horn of Africa.

These results indicate a high likelihood that there will

be a shift to warmer extreme temperatures by the mid-

twenty-first century over sub-Saharan and tropical Africa.

The severity of these changes is not uniform across the

annual cycle and is regionally dependent. Heat waves,

which are related to hospitalizations and death, are likely

to increase not only over the Sahara and Sahel, but also to

extend equatorward over tropical Africa into areas that

currently do not experience such events.

Changes in extreme rainfall are regionally and sea-

sonally dependent as well. Over West Africa both the

number of dry and intense rainfall days during the bo-

real summer are projected to increase indicating that the

summer rainfall will be delivered in fewer, but more

intense events. Over the Sahel the number of extreme

dry days is projected to decrease, while the number of

extreme heavy rainfall days increases. Rainfall is pro-

jected to intensify over the Congo during the boreal

spring and weaken in the fall and winter, with opposite

results to the east over Kenya and Tanzania. These changes

in extreme precipitation will have important implica-

tions for the agricultural sector as most of Africa relies

on rain-fed agricultural practices. An improved un-

derstanding of how rainfall will be delivered over the

annual cycle will support the development of adaptation

strategies.

This study addresses issues of how to best characterize

extreme rainfall in different observational and model

datasets. Observational and model biases are both found

to be important and can affect the uncertainty of results.

Techniques used to identify extreme rainfall events based

upon a dataset’s own probability distribution can at least

partially offset the impact of these biases and yield mean-

ingful results, as this study demonstrates. Confidence in the

results can be further strengthened by applying multiple

approaches and assessing the agreement among methods.

This study is a step toward improving mid-twenty-

first-century regional extreme weather projections,

but there are limitations. These projections discussed

above are from a single regional climate model using

an ensemble approach with a limited number (6) of

members. Land-use changes are not considered but

could have a considerable impact over sub-Saharan Africa

(e.g., Paeth and Thamm 2007). Longer integrations with

more ensemble members would improve our under-

standing of the robustness of the predictions and their

statistical significance. Agreement with projections made

by other models, both GCM and regional climate models,

at comparable spatial resolutions would increase our

confidence in the predictions. Another caveat is that the

reanalyses and satellite-derived observations used for

model validation are not in perfect agreement for the end

of the twentieth century, pointing to the constant need for

improved observations.
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