
Probabilistic Seasonal Forecasting of African Drought by Dynamical Models

XING YUAN, ERIC F. WOOD, NATHANIEL W. CHANEY, JUSTIN SHEFFIELD, JONGHUN KAM,
MIAOLING LIANG, AND KAIYU GUAN

Department of Civil and Environmental Engineering, Princeton University, Princeton, New Jersey

(Manuscript received 3 April 2013, in final form 20 June 2013)

ABSTRACT

As a natural phenomenon, drought can have devastating impacts on local populations through food in-

security and famine in the developing world, such as in Africa. In this study, the authors have established

a seasonal hydrologic forecasting system for Africa. The system is based on the Climate Forecast System,

version 2 (CFSv2), and the Variable Infiltration Capacity (VIC) land surface model. With a set of 26-yr (1982–

2007) seasonal hydrologic hindcasts run at 0.258, the probabilistic drought forecasts are validated using the

6-month Standard Precipitation Index (SPI6) and soilmoisture percentile as indices. In terms of Brier skill score

(BSS), the system is more skillful than climatology out to 3–5 months, except for the forecast of soil moisture

drought over central Africa. The spatial distribution of BSS, which is similar to the pattern of persistency, shows

more heterogeneity for soil moisture than the SPI6. Drought forecasts based on SPI6 are generallymore skillful

than for soil moisture, and their differences originate from the skill attribute of resolution rather than reliability.

However, the soil moisture drought forecast can bemore skillful than SPI6 at the beginning of the rainy season

over western and southern Africa because of the strong annual cycle. Singular value decomposition (SVD)

analysis of African precipitation and global SSTs indicates that CFSv2 reproduces the ENSO dominance on

rainy season drought forecasts quite well, but the corresponding SVDmode from observations and CFSv2 only

account for less than 24% and 31% of the covariance, respectively, suggesting that further understanding of

drought drivers, including regional atmospheric dynamics and land–atmosphere coupling, is necessary.

1. Introduction

Drought is a natural phenomenon due to climate vari-

ability. However, with global warming and population

growth, the resilience to drought is likely to decrease in

the future. Unlike other meteorological hazards such as

floods, tornados, and hurricanes, drought is a creeping

phenomenon that can build up without warning and

persist for many months (Sheffield and Wood 2011).

Once the water deficit of the climate system reaches

a certain threshold, drought will affect agriculture,

water supply, and the environment, often with devas-

tating impacts. In the developed world, drought is gen-

erally associated with crop yield declines, environmental

degradation, and corresponding economic losses. In the

developing world, such as most of Africa, drought can be

a severe threat to the local population through loss of

livelihoods, food insecurity, and famine. For example,

the 2010–11 drought in the Horn of Africa affected

about 12 million people, which led to severe food

shortages in parts of Ethiopia, Djibouti, Somalia, and

northern Kenya. The related population displacement

and price increase of food and fuel resulted in a serious

humanitarian crisis (Dutra et al. 2012; Peterson et al.

2012). Therefore, the provision of seasonal forecasts that

can provide sufficient early warning has the potential to

help the local governments and nongovernmental orga-

nizations (NGOs) to move frommanagement of drought

crises to management of drought risk, increasing the re-

silience to drought events, and reducing the possibility of

humanitarian crises (Pozzi et al. 2013).

The major source of seasonal forecast predictability

comes from the ocean, and the strongest signal is the

El Ni~no–SouthernOscillation (ENSO). As the easterly

trade winds weaken, sea surface temperatures (SSTs)

in the eastern tropical Pacific increase. This alters the

Walker circulation and the convection zone in the tropics,
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affecting the climate in midlatitudes and high latitudes

through Rossby wave trains (Hoskins and Karoly 1981;

Trenberth and Caron 2000). For example, composite

analysis indicates that there is a greater chance of drought

over western Africa and southern Africa during their re-

spective rainy seasons duringElNi~no years than during La

Ni~na years (Smith et al. 2012). Besides ENSO, a warm

South Atlantic will lower the thermal gradient with the

African continent, resulting in a southward shift of the

intertropical convergence zone (ITCZ), with correspond-

ing drought in the Sahel region (Camberlin et al. 2001).

Recently, the Indian Ocean and Mediterranean Sea are

receiving more attentions for their contributions to the

rainfall variability over eastern and northern Africa,

respectively (Bowden and Semazzi 2007; Gimeno et al.

2012). These teleconnections have been used to form the

basis for developing statistical approaches in forecasting

drought at seasonal scales (Barnston et al. 1996; Mason

1998). On the other hand, atmosphere–ocean–land cou-

pled general circulation models (CGCMs), developed

based on the Navier–Stokes equations and parameteriza-

tions that characterize the water and energy exchanges

among the land, atmosphere, and ocean, are beginning

to outperform statistical models for ENSO prediction

skill (Barnston et al. 2012). This is mainly because of

gradual improvements in observations and assimilation

systems, physical parameterizations, spatial resolution,

and understanding of ENSO-related ocean–atmosphere

interactions (Barnston et al. 2012). Thus, we expect

CGCMs would provide more dynamical and objec-

tive drought forecasts for land regions such as Africa

and the transition of advances in climate research to

climate services.

In fact, CGCM-based seasonal forecasting of drought

has become operational in recent years at many national

weather centers. Several previous studies have used

these operational systems to hindcast specific drought

events (Luo and Wood 2007; Yuan et al. 2011; Dutra

et al. 2012), while other work has systematically evalu-

ated drought forecast skill using a set of hindcast ex-

periments (Mo et al. 2012; Yoon et al. 2012; Yuan et al.

2013). The CGCM-based drought forecasting approach

can be divided in two steps. First, meteorological forc-

ings from the CGCM forecasts are bias corrected and

downscaled to the resolution that is suitable for regional

applications, with the resulting precipitation used to

calculate a meteorological drought index, such as the

Standardized Precipitation Index (SPI; McKee et al.

1993, 1995). Second, the downscaled meteorological

forcings are used to force well-calibrated land surface

hydrologic models to resolve terrestrial water and en-

ergy variations, with the predicted land surface con-

ditions, such as soil moisture and streamflow, used to

derive agricultural and hydrological drought indices

(Luo and Wood 2007; Mo et al. 2012; Yuan et al. 2013).

Most of the previous forecasting studies have focused on

a single type of drought, such as meteorological drought

or agricultural drought, and have mainly focused on the

ensemble mean values to make deterministic assess-

ments (Mo et al. 2012; Yuan et al. 2013). There is,

therefore, a need to compare different drought indices

to understand the forecast skill in different parts of the

hydrological cycle that are important for different ac-

tivities and their relationships and to investigate the

probabilistic characteristics of the drought forecasts.

In this paper, we use the National Centers for Envi-

ronmental Prediction’s (NCEP) Climate Forecast Sys-

tem, version 2 (CFSv2; Saha et al. 2013), combined with

the Variable Infiltration Capacity (VIC; Liang et al.

1996) land surface model for seasonal drought predic-

tion over Africa—a region that has a preponderance of

severe droughts and associated impacts and the poten-

tial formore resilient livelihoods through use of seasonal

forecasts (Tarhule and Lamb 2003; Batt�e and D�equ�e

2011; Dutra et al. 2012; Landman et al. 2012). Both the

SPI and soil moisture percentiles are used as indices to

assess probabilistic drought hindcasts for 1982–2007.

The hindcast setup and evaluation methods are de-

scribed in section 2. The results are presented in section

3, and a discussion and summary are given in sections 4

and 5, respectively.

2. Hindcast setup and evaluation method

Before calculating the SPI or running the VIC model

over Africa, we downscale the CFSv2 monthly pre-

cipitation and temperature hindcasts for 1982–2007 from

T126 resolution to 0.258. The CFSv2 hindcast is initiated

every 5 days with four cycles on those days, resulting in 24

ensemble members (Yuan et al. 2011), which is different

from its real-time forecast that is being initiated every 6 h

with up to 124 ensemble members. Different combina-

tions of ensemble members might result in different

climate variability of the model. Therefore, caution

should be taken before applying the following down-

scaling procedures to real-time drought forecast. In this

study, the downscaling procedure is similar to Yuan

et al. (2013), which is based on the Bayesian merging

method of Luo et al. (2007). The observational dataset

used for correcting the hindcasts is a new 0.258, daily
resolution dataset (Sheffield et al. 2013, manuscript

submitted to Bull. Amer. Meteor. Soc.) that extends the

work of Sheffield et al. (2006). Basically, the 18 daily

precipitation data fromSheffield et al. (2006) are bilinearly

interpolated into 0.258 and then rescaled by using the

University of East Anglia Climate Research Unit (CRU)
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monthly gridded gauge analysis. The daily temperature

data of Sheffield et al. (2006) are also interpolated into

0.258, but with consideration of elevation effects. With the

Bayesian downscaled monthly precipitation and temper-

ature forecasts, a hybrid method that includes both the

historical-analog criterion and random selection is used to

generate 20 daily time series with a scaling method to

correct sampling errors (Yuan et al. 2013).

The downscaled daily precipitation datasets are then

aggregated back tomonthly values, and the 6-month SPI

(SPI6) is calculated for the 20 ensembles (see Fig. 1 for

the flowchart). We then blend the 6-month precipitation

forecast with antecedent observations to obtain SPI6

at different forecast lead times. For example, for the

month 1 forecast starting from June 1982, we blend the

precipitation observation from January to May in 1982

with the June precipitation forecast to obtain the

6-month moving average precipitation and convert this

to SPI6 for June based on the 30-yr, 6-month (January–

June during 1952–81) moving average precipitation

from the historical record; for the month 2 forecast, we

use 2-month forecasts (June and July) and calculate the

corresponding SPI6 for July, and so on. Therefore, the

SPI6 forecast from month 1 to month 5 contains in-

formation from antecedent observations, which can be

considered as initial condition information similar to soil

moisture in hydrological forecasts.

In the second step, the downscaled daily meteoro-

logical forcings are used to drive the hydrologic model

simulations to provide agricultural or hydrological

drought forecasts. We use a calibrated version of the

VIC model that is developed for the Princeton African

Drought Monitor system (hydrology.princeton.edu/

monitor; Sheffield et al. 2013, manuscript submitted to

Bull. Amer. Meteor. Soc.). The model is calibrated using

streamflow observations from over 800 Global Runoff

Data Centre (GRDC) gauges, which cover most of

western Africa and parts of eastern and southern Africa.

On average, the calibration increases the Nash–Sutcliffe

efficiency coefficients from 20.54 to 0.66 for monthly

streamflow simulations (Sheffield et al. 2013, manuscript

submitted to Bull. Amer. Meteor. Soc.). The annual

mean evapotranspiration (ET) and change in seasonal

water storage are compared with an energy-budget-

based satellite ET product and Gravity Recovery

and Climate Experiment (GRACE) satellite data, re-

spectively, and overall, they show consistency (Sheffield

et al. 2013, manuscript submitted to Bull. Amer. Meteor.

Soc.). Although there is no direct measurement for vali-

dating soil moisture, we assume that the calibrated VIC

model would produce reasonable soil moisture simula-

tion given successful modeling of streamflow, ET, and

terrestrial water storage change mentioned above. The

initial conditions for the hindcasts are generated as

FIG. 1. Flowchart of hindcast setup and data processing.
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follows. First, we run the VIC model from 1948 to 2008

with default initial conditions. Next, we save the model

states at the end of the run, use these as initial conditions

on 1 January 1948, run the model from 1948 to 2008

again, and save the states during 1982–2007 at the be-

ginning of each calendar month. These initial states are

used to initialize the hydrological hindcasts.

The VIC model seasonal drought hindcast runs con-

sist of 6-month, 20-member ensemble soil moisture

hindcasts over Africa at 0.258, daily resolution, starting

on the first day of each calendar month during 1982–

2007. As described in Yuan et al. (2013), the raw CFSv2

hindcast data have 24 ensemble members, with some

ensemble members being about 20 days old at the be-

ginning of the target month. Therefore, hereafter, we

call the month 1 forecast as the forecast at 0.5-month

lead time, month 2 as the forecast at 1.5-month lead, and

so on. The soil moisture forecasts are converted to

percentiles based on the 61-yr (1948–2008) climatology

from the historical, observation-driven simulation. The

calculated SPI6 and soilmoisture percentile data are used

as indices to assess the predictability of drought over

Africa. Based on Svoboda et al. (2002), the thresholds

for moderate and extreme drought are chosen as 20.8

and 21.6 for SPI6 and 20% and 5% for soil moisture

percentile, respectively.

To assess the probabilistic forecasts of drought events,

we use the Brier score (BS) defined as (Wilks 2011)

BS5
1

n
�
n

k51

(yk 2ok)
2 , (1)

where k denotes a number of n events of forecast–

observation pairs, yk is the probability of drought oc-

currence from forecast for the kth event, and ok is the

corresponding probability from the observations with

ok 5 1 if the drought event occurs and ok 5 0 if it does

not. Based on the probability of the conditional distri-

bution p(o1 j yi), the BS can be decomposed into three

components (Wilks 2011) as follows:

BS5
1

n
�
I

i51

Ni(yi 2 oi)
2 2

1

n
�
I

i51

Ni(oi 2 o)2

1 o(12 o)5Rel2Res1o(12 o) , (2)

where I is the discrete number of allowable forecast

values (here I 5 21 because there are 20 ensembles

and the forecast value ranges from y1 5 0.0 to y21 5 1.0),

Ni is the number of times each forecast value yi [5(i2 1)/

20] is used in the collection of forecasts being verified, oi
is the conditional distribution of an observation de-

fined as

oi 5 p(o1j yi)5
1

Ni

�
k2N

i

ok , (3)

and o5 (1/n)�I
i51Nip(o1 j yi)5 (1/n)�n

k51ok. The first

term of Eq. (2) is called the reliability (Rel), which

measures how close the issued forecast yi is to the

probability of an observed occurrence conditional on

the forecast; the second term is the resolution (Res),

which refers to the differences between the conditional

distributions of the observations for different forecast

values; and the third term is the uncertainty (Wilks

2011). A good forecast has low Rel and high Res values.

By using the climatological forecasts as the reference,

a Brier skill score (BSS) is calculated as (Wilks 2011)

BSS5 12BS/BSclim ; (4)

BSS5 1 indicates a perfect forecast, while BSS less than

zeromeans the forecast is worse than a forecast based on

climatology.

3. Results

Figure 2 shows the observed 61-yr (1948–2008) mean

annual precipitation over Africa, and Fig. 3 shows the

area-averaged annual cycle for the terrestrial water bud-

get simulated by VIC model except for precipitation.

The precipitation has strong seasonality over the Sahel

and southern Africa. For example, monthly precip-

itation for western Africa (WAF) and southern Africa

(SAF) ranges from less than 0.5mmday21 during their

dry seasons, to up to 4–6mmday21 during their rainy

seasons (Figs. 3b,d). In central Africa, persistent

FIG. 2. Annual mean precipitation climatology during 1948–2008.
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precipitation generally occurs across all seasons and

sustains the tropical rain forests. Eastern Africa

(EAF), though situated across the equator similarly to

central Africa, has a much drier climatology (Fig. 2)

that is characterized by a savanna (grass and shrub)

landscape.

Figure 3 also shows that the annual cycle of VIC sim-

ulated soil moisture lags behind the precipitation over

WAF and SAF. TheWAF is characterized by amonsoon

climate, which results from the seasonal shifts of the

ITCZ with a large temperature and humidity gradient

between the Sahara and the tropical Atlantic Ocean. The

west African monsoon migrates northward from the

tropical Atlantic in February and reaches WAF near

the end of June. The precipitation increases from May,

reaches its peak in August (Fig. 3b), and then declines

because of the retreat of the monsoon. Because of the

trade-off between precipitation and ET, the soil mois-

ture reaches its peak in September and decreases to its

lowest value inMarch, which is 2months after the lowest

precipitation. The ITCZ also influences the northern

part of SAF, while the south Indian convergence zone

(SICZ; Cook 2000) plays a more important role in the

southern part of SAF. For EAF, there are two rainy

seasons, but there is no obvious time lag for the soil

moisture due to insufficient rainfall to compensate

for ET (Fig. 3c). Later, we show how the different

characteristics of the seasonality greatly affect the

drought predictive skill.

Figure 4 shows the BSS for forecasts of moderate

drought using SPI6 (,20.8) and soil moisture percentile

(,20%), where the areas with annual mean precipita-

tion less than 0.5mmday21 are masked out. The clima-

tological ensemble forecast for BSS is generated by

randomly sampling 20 scenarios of SPI6 or soil moisture

from the 61-yr historical data pool for each calendar

month, without selecting the target year. With several

months of initial conditions from the observations, the

SPI6 forecast at 0.5-month lead has a BSS of about 0.5–

0.7 across Africa, and the value steadily declines to 0.2–

0.4 at 2.5-month lead (Fig. 4). Compared to SPI6, the

predictive skill for the soil moisture drought index shows

more spatial heterogeneity. It has higher skill over the

northern edge of WAF and parts of EAF and SAF and

lower skill in central Africa, where the forecast is worse

than climatology after 1 month (Fig. 4).

FIG. 3. Annual cycle for terrestrial precipitation (P; mmday21), evapotranspiration (ET; mmday21), runoff

(R; mmday21), and soil moisture (SM; mmmm21) averaged over Africa and the three subdomains defined in Fig. 2.
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To diagnose the skill difference between SPI6 and soil

moisture drought forecasts probabilistically, we plot the

difference in Brier score and its decomposition in Fig. 5.

It is found that the forecast reliability for SPI6 and soil

moisture is quite similar, but the former has higher

resolution than the latter over most of the study domain

out to 4months. Since the resolution refers to the degree

to which the forecasts sort the observed events into

groups that are different from each other (Wilks 2011),

we speculate that over tropical Africa (158S–158N) and

the eastern part of SAF (Fig. 5), the probability of ob-

served drought events conditional on different soil mois-

ture probabilistic forecast values is more similar to each

other than those conditional on the SPI6 probabilistic

forecast values. For example, when we check the lower

tercile of the conditional distribution p(o1 j yi) for the

grid point at (18.1258E, 2.1258N), the SPI6 has a better

conditional probability variations from 0 to 0.42, while

the soil moisture forecast probability varies only be-

tween 0.15 and 0.27.

To explore the reason for spatial differences in the

predictive skill, we calculate the characteristic time T0

(Trenberth 1984) for SPI6 and soil moisture from the

autocorrelation R(t) at lag t (months) as follows:

T05 11 2 �
n

t51

(12 t/n)R(t) , (5)

where n 5 30 (Mo et al. 2012). T0 can be used as

ameasure of persistence ormemory. Figure 6 shows that

the characteristic time explains the skill difference quite

well. The soil moisture has longer persistence than the

SPI6 (Fig. 6) over the north edge of WAF, eastern part

of EAF, and western part of SAF, where the predictive

skill (Fig. 4) and resolution (Fig. 5) are higher for soil

FIG. 4. BSS for moderate drought forecast at different leads for SPI6 and soil moisture percentile during 1982–2007.
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moisture forecasts, especially for the forecasts at long

leads. In contrast, the soil moisture over tropical Africa

has shorter persistence than SPI6 and results in lower

predictive skill.

The above predictive skill analyses are based on the

statistics across all seasons. Actually, the WAF and

SAF have quite different climates between dry and wet

seasons, as we mentioned before. Thus, it is necessary

to investigate the skill dependency by season. Although

the skill difference between the SPI6 and soil moisture

drought forecasts is large over tropical Africa, we

neglect this region for further analysis since it has suf-

ficient rainfall with low interannual variability and little

severe drought occurrence. Figure 7 shows the BSS

averaged over the three subdomains in different sea-

sons and the difference between SPI6 and soil moisture

drought forecasts. The forecast lead in months is along

the y axis and the target or verification month is along

the x axis, so the value of July with 1.5-month lead is the

predictive skill for July drought area from the forecast

that is initiated in June (Yuan et al. 2013). In general,

the drought predictive skill is higher during the dry

FIG. 5. Differences in BS and the decompositions (Rel and Res) for moderate drought forecast at different leads between SPI6 and soil

moisture percentile.
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season and lower during the rainy season, which is ex-

pected since the hydroclimate has longer persistence

during the dry season. The skill contrast between the

wet/dry seasons is more obvious over WAF and SAF

than EAF.

For the WAF, the wettest 6 months are from May to

October, while November to April is the dry season

(Fig. 3b). The SPI6 forecasts have higher skill than soil

moisture drought forecasts during the dry season and

the tail of the rainy season for leads up to 5 months

(Fig. 7, top row). This is because, during these periods,

the SPI6 has a large memory from previously observed

precipitation because of its magnitude, and it affects the

predictive skill directly. Although the prior precipitation

anomaly information results in a soil moisture anomaly

and propagates its memory, its impact on a forecast is

indirect and much lower for the soil moisture drought

forecast due to the uncertainty from ET and runoff es-

timation that can change the soil moisture. On the

contrary, the soil moisture drought forecasts are better

than the SPI6 forecasts at the beginning of the rainy

season (Fig. 7, top row and right column), which are due

to the limited magnitude and memory for rainfall before

the rainy season. Similar skill difference also occurs over

SAF, another region with a long rainy season, but has an

austral climate. TheEAFhas two rainy seasons (Fig. 3c),

and therefore, the SPI6 forecasts have consistently

higher skill than soil moisture drought forecast out to

4 months, although the former is worse than the latter

beyond 4 months (Fig. 7, second row). This is partly

because the soil moisture has longer persistence than the

SPI6 over most areas of EAF (Fig. 6).

To test the capability in forecasting extreme drought

events, we select two severe droughts identified by

Sheffield et al. (2009) using severity-area-duration

analysis. The first is the 1982–84 drought, which began in

SAF at the end of 1982, migrated northwest and reached

the Sahel region at the end of 1983, and persisted over

the Sahel until 1986. The second severe drought affected

SAF during 1991–92 for about 10 months. Following

Sheffield et al. (2009), we plot the probability of drought

occurrence from observations and forecasts in Fig. 8 for

the most severe months: August 1984 and February

1992. Both months are in the rainy season for the Sahel

and SAF, respectively. With the moderate drought

threshold, the forecast probability is as high as 90% for

a 1-month lead, indicating very confident drought fore-

casts. For a 2-month lead forecast, the probability is still

larger than 60% over most of the drought area. How-

ever, with the extreme drought threshold (SPI6,21.6),

the forecast has very low confidence (Fig. 8, second and

fourth columns) even in the first month.

4. Discussion

Given the limited skill in the rainy seasons (Figs. 7, 8),

the time series of rainy season mean precipitation anom-

aly averaged over three subdomains are shown in Fig. 9.

FIG. 6. Characteristic time (T0) for SPI6 and soil moisture.
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Those anomalies are calculated from raw CFSv2 fore-

casts without downscaling. The rationale for checking

the original time series is that the statistically down-

scaling method used in this paper would not improve

interannual variability, similar to many other statistical

downscaling methods that only use precipitation as the

predictor. Consistent with Batt�e and D�equ�e (2011), who

evaluated the rainy season mean precipitation predic-

tability from multiple climate forecast models, here

CFSv2 has a higher correlation over SAF than WAF

(Figs. 9b,d), but it only accounts for 44%–45% of the

variance of observations. For the two extreme drought

cases (Fig. 8), CFSv2 predicts neutral condition or a weak

anomaly (Figs. 9b,d). Therefore, all predictive skill comes

from the initial condition, where its impact disappears

quickly after 1 month (Fig. 8). For the EAF, March–May

(MAM) is the long rainy season, and CFSv2 explains

higher observed variance (53%) than the September–

November (SON) short rainy season (37%). However,

CFSv2 has lower correlation during the long rainy sea-

son (Figs. 9a,c). To improve the predictability and skill

for the rainy season precipitation forecasts, further ef-

fort should be devoted to conducting multimodel en-

semble (Batt�e and D�equ�e 2011) and/or teleconnecting

precipitation variations to more predictable climate

variables such as SST.

As is well known, large-scale persistent SST anoma-

lies are associated with long-term widespread drought

(Hoerling and Kumar 2003; McCabe et al. 2004; Schubert

et al. 2004, 2009). However, their relationship is more

uncertain at short-term scales such as seasonal scales.

To explore the covariability between African precip-

itation and global SSTs from both observation and

CFSv2, we carry out a singular value decomposition

(SVD; Bretherton et al. 1992; Wallace et al. 1992)

analysis. The observed SST data are from the Extended

Reconstructed Sea Surface Temperature, version 3b

(ERSST v3b; Smith et al. 2008), at 28 resolution. The

FIG. 7. BSS for SPI6 and soil moisture and their differences calculated over subdomains (Fig. 1) as functions of target months

and leads.

1714 JOURNAL OF HYDROMETEOROLOGY VOLUME 14



observed precipitation data, as we mentioned in section 2,

are at 0.258 resolution. To facilitate data processing, we

regrid CFSv2 0.5-month lead seasonal mean SST and

precipitation predictions from T126 resolution to 28 and
0.258, respectively, though this will not affect the results

significantly. For the SVD analysis, we use the linearly

detrended seasonal mean precipitation and SST during

1982–2007.

Figures 10 and 11 show the homogeneous and het-

erogeneous correlationmaps for the first SVDmode and

the global SST or African precipitation, where the areas

with p value larger than 0.1 are masked out. For the

observation, the first SVD mode only accounts for

13.9%–23.9% of the total covariance, indicating high

nonlinearity between the SSTs and precipitation (Figs.

11a–d). CFSv2 has stronger SST–precipitation covari-

ability (19%–30.7%) than the observation for each

season, especially for June–August (JJA; Figs. 11e–h).

The observation shows that strong correlations between

the first SVD mode and SSTs occur over the tropical

central and east Pacific consistently across all seasons

(Figs. 10a–d), and notable correlations are also found

over the tropical Indian and west Pacific during boreal

spring (MAM) and fall (SON). Figures 10e–h show that

CFSv2 reproduces the ENSO-mode pattern quite well

(note the change in sign of Figs. 10f and 10g and Figs. 11f

and 11g, but the SST–precipitation covariability remains

the same). However, CFSv2 fails to capture the re-

lationship over the tropical South Atlantic during JJA

(Figs. 10b,f), which could partly explain the low

predictive skill during the rainy season of WAF

(Camberlin et al. 2001). Figure 11 shows that significant

correlations between the first SVD mode and African

precipitation are constrained to a few local regimes

(Figs. 11a–d), but CFSv2 presents stronger coupling

over broader areas (Figs. 11e–h). JJA is the rainy season

for WAF, and Fig. 11b shows positive correlation over

the region. Considering the negative correlation over

the Ni~no-3.4 region (58N–58S, 1708–1208W; Fig. 10b), we

speculate that an El Ni~no year has a higher possibility

for drought occurrence over WAF during the rainy

season. A similar relationship is also found over SAF

during December–February (rainy season), for which

a warm SST anomaly over the Ni~no-3.4 region favors

drought conditions over the eastern part of SAF. CFSv2

captures those relationships quite well. For the EAF,

a La Ni~na year has a higher possibility for a drought

during the short rainy season (SON; Figs. 10, 11). During

the long rainy season (MAM), there is no significant

correlation between time series of the first SVD SST

mode and the EAF precipitation (Fig. 11a), but CFSv2

presents a strong negative correlation (Fig. 11e).

Given the limited large-scale SST–precipitation re-

lationship over Africa at seasonal scales, we may expect

other regional atmospheric signals can contribute to the

residual portions of the precipitation variance, such as

the anomalies in African easterly jet and Saharan

northerly wind (Camberlin et al. 2001). Another possi-

ble area is the investigation of the predictability derived

from the initial land surface anomaly using land

FIG. 8. Probability of drought occurrence from observation and SPI6 forecasts for two extreme drought events.
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surface hydrologic models (Li et al. 2009; Shukla and

Lettenmaier 2011). However, the conclusions might be

dependent on the land surface model or the parameters

of the model. In this study, we collected data from over

800 streamflow gauges to calibrate the VIC model over

Africa, but the gauge coverage is far from satisfactory.

The uncertainty for the calibrated parameters could

influence the characteristics of soil moisture evolution

as well as the memory. For example, previous studies

found a similar time scale for SPI6 and soil moisture

over the United States, while in this study we found the

characteristic time for SPI6 and soil moisture could

be very different (Fig. 6). Whether the difference comes

from the precipitation observation or the hydrologic

modeling over Africa, the comparison among different

drought indices is made more complicated. Further ef-

forts could be devoted into assimilating more advanced

satellite precipitation and soil moisture data to reduce

their mismatch and collaborating with local govern-

ments to collect more in situ observations. Given the

current limitations on observation capability, the use of

multiple land surfacemodels (Wang et al. 2009) could be

considered to quantify the uncertainty over poorly ob-

served areas.

5. Summary

In this paper, probabilistic drought prediction based

on the CFSv2–VIC seasonal hydrologic forecasting

system is evaluated over Africa, using SPI6 and soil

moisture percentile as drought indices. Compared

to climatology, the forecasting system provides more

skillful drought prediction out to 3–5 months in terms of

BSS, except for soil moisture drought forecast over

central Africa. The spatial distribution of BSS for soil

moisture is more heterogeneous than that for the SPI6,

because the former has more dependency on the geo-

graphical variation in soils and vegetation. SPI6 and soil

moisture drought forecasts have similar reliability, but

the former has higher resolution than the latter, result-

ing in higher skill out to 4 months over most of the study

domain. The analysis of the characteristic time indicates

that the spatial difference in predictive skill between

SPI6 and soil moisture are correlated well with their

difference in persistence. Analysis among different sea-

sons shows that BSS could be as high as 0.8 out to

3 months in the dry season, but drops to as low as 0.3

beyond 1 month in the wet season. This indicates a

strong dependency of predictive skill on the seasonality,

FIG. 9. (a)–(d) Seasonal mean precipitation anomaly averaged over three subdomains for observation and CFSv2

ensemble mean prediction.
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especially for WAF and SAF. Although the soil mois-

ture has less persistency than SPI6 overmost of the areas

in WAF and SAF, it can provide more skillful proba-

bilistic drought forecast than SPI6 at the beginning of

the rainy season. With single-number summaries of the

forecast performance, the Brier score provides a con-

venient, quick impression (Wilks 2011); however, fur-

ther examination should be carried out by assessing the

full joint distribution of forecasts and observations.

When the system is validated for two extreme drought

events in August 1984 and February 1992, low confi-

dence is found even for a 1-month lead forecast, al-

though it performs well in forecasting moderate drought.

Actually, the regional mean rainfall anomaly analysis

indicates that CFSv2 could not produce the strong

anomaly at seasonal scales for the two extreme cases

(Fig. 9).

SVD analysis is used to explore the covariability be-

tweenAfrican precipitation and global SSTs, and ENSO

is found to be the dominant signal for rainy season

drought forecast for the west part of WAF and the east

part of SAF; CFSv2 reproduces such a relationship quite

well. For EAF, there is no significant correlation be-

tween the first SVD mode and the precipitation during

the long rainy season (MAM) in the observation, but

a negative correlation occurred in the CFSv2 forecasts.

For the short rainy season (SON), both observation and

CFSv2 show that a cold SST anomaly over the Ni~no-3.4

region seems to contribute to drought in EAF.However,

the above SST–precipitation relationship is limited

FIG. 10. Homogeneous correlations (p, 0.1) between the first SVD SST mode and global SST during 1982–2007 for

(a)–(d) observations and (e)–(h) CFSv2 ensemble mean predictions.
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FIG. 11. Heterogeneous correlations (p , 0.1) between the first SVD SST mode and African precipitation during

1982–2007 for (a)–(d) observations and (e)–(h) CFSv2 ensemble mean predictions. The numbers in parentheses are

their covariances.
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because the first SVD mode only accounts for less than

24% of the covariance, although CFSv2 exaggerates it

up to 31%. Regional atmospheric and land surface sig-

nals need more observational and modeling studies.
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