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1.1.	
  MOTIVATION	
  

What	
  projec4ons	
  for	
  West	
  Africa	
  at	
  medium	
  term?	
  
However, due to their spatial resolution, GCM output

cannot be used directly for agricultural/hydrological
applications, thus downscaling techniques are developed.

In this respect, recent studies (Castro et al. 2005; Rockel

et al. 2008; Lo et al. 2008) have shown that Regional
Climate Models (RCMs) could help, for instance,

improving spatial and temporal variability for a given

boundary state, which make them particularly attractive
when compared to classic statistical downscaling methods.

Over West Africa, most GCMs do not reproduce cor-
rectly key features of the local atmospheric circulation,

which in turn, leads to uncertainties in terms of simulated

changes of future rainfall (Douville et al. 2006; Joly et al.
2007; Caminade and Terray 2009). Moreover, Sea Surface

Temperatures (SSTs) and most particularly their associated

patterns, have been identified as the most important forcing
in regards to divergence of GCM projections over the

subcontinent (d’Orgeval et al. 2006). From a panel of

several GCMs, Joly et al. (2007) found that most models
were showing an inverse teleconnection between the West

African Monsoon (WAM) and the first mode of SST vari-

ability (i.e. ENSO): the occurence of El-Niño for instance,
is found to be associated with dry/wet conditions over the

Sahel/Eastern Africa respectively, the opposite of what is

observed, at least for the contemporary period. Figure 1
exhibits the divergence within 12 different GCM projec-

tions (similar GCMs panel as in Joly et al. (2007)) of the

A2 scenario from the last IPCC AR4 exercise over the
West African region, based on high population and

regionally oriented economic growth scenario with signifi-

cant and widespread decline in fertility (Nakicenovic et al.
2000). Maynard et al. (2002) found that the response of

ARPEGE-CLIMAT (ARPEGE in the following) to carbon

dioxide emission increase, which in the case of the A2
scenario is very close to the mean ensemble of Fig. 1, was

characterized by an enhanced WAM flow. Of course,

considering only one GCM is not sufficient to investigate
the entire range of potential changes in local summer

rainfall regimes over West Africa. Nevertheless the A2

storyline, describing a very homogeneous world with
slower economic and technical changes than other sce-

narios, has thus been chosen in the framework of the pro-

gram RESSAC (Vulnérabilité des Ressources en Eau
Superficielle au Sahel aux Evolutions Anthropiques et

Climatiques à moyen terme), to investigate water res-

sources vulnerability over the Bani basin of Mali (http://
www.hydrosciences.fr/ressac/Accueil.asp). Part of the

above program, the present study aims at documenting the

use of the Weather Regional Forecast model (WRF) for
dynamical downscaling of GCM output over West Africa,

illustrated here in the context of the A2 scenario projection

from ARPEGE. The ultimate goal of such approach is to
feed in hydrological modelling at a scale which is better

adapted to examine associated variations within the local

hydrological cycle (typically 50 km 9 50 km horizontal

resolution).
The next section discusses briefly the data and methods

used in this paper. The performance of the regional model

is then examined for contemporary period experiments
through analyses of WRF simulated summer rainfall

regimes, atmospheric circulation and moisture transport
over West Africa, in order to provide a compact investi-

gation of the atmospheric component of the water cycle

locally. We present thereafter, in a separate section to
facilitate reading, A2 scenario projections from both

ARPEGE and regional simulations over the West African

region, similar statistical analyses allowing to investigate
impacts on summer rainfall regimes and corresponding

atmospheric dynamics. The discussion and conclusions are

then presented in the last part of this document.

2 Data and methods

2.1 Regional atmospheric modelling

The Weather Regional Forecast model (WRF) version

3.0.1.1. developed at NCAR (Shamarock et al. 2005) is

used in this study to disaggregate large-scale GCM output
as well as re-analyses data. The WRF model benefits from

all characteristics necessary to dynamic downscaling: a

sigma vertical grid coordinate system offering a coarse
resolution in the lower tropospheric layers, several plane-

tary boundary layer schemes (PBL) and the internal cou-

pling of a land surface model (LSM) permitting to choose
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Fig. 1 Rainfall time evolution over a West African box (5!N–20!N;
20!W–30!E) for 12 GCMs available from the last IPCC AR4 exercise
(http://www.mad.zmaw.de/IPCC_DDC/html/SRES_AR4/index.html)
between the 2030’s (A2 scenario) and the 1980s (20CM3 scenario)
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2 Study area

2.1 Physical characteristics

Mali is the second largest country in West Africa after Niger. It is crossed by its two main
rivers: the Senegal and the Niger Rivers. The Bani River is the most important tributary of
the Niger River. It is principally located in the southern part of Mali from latitudes 9̊ 1’ to
14̊ 5’ N and longitudes 3̊ 5’ to 8̊ 5’ W (Fig 1). With a catchment area of around 100, 000 km2

at the Douna gauging station, it is one of the largest rivers in West Africa (approximatively 700
km). It flows into the inner Niger Delta at Mopti and is a large contributor to the annual delta
flood. Consequently, every single flow perturbation in the Bani impacts upon the delta annual
flood and the socio-economical activities related to the flood. The watershed’s topography has
low slops and elevations ranging from 265 m at the outlet to 702 m.

The vegetation becomes denser at the southern end of the catchment. It divides the wa-
tershed into three main parts (see Ruelland et al., 2010b). The northeast of the basin includes
mainly cultivated areas and grassland with crops and wooded vegetation in the middle and sa-
vannah woodland over the south-western area (Fig 3). Soils are mainly ferralitic and lessivated
with high sand and clay content. Sandy hillwash is often found at the surface while basal gravel
is found in deeper layers of the profile. In the basement, the aquifers are found in two types of
fissured formation: In the southwest, they have low permeability and a base layer of Birrimian
mica-schists and metamorphic rocks (60%). In the northeast, they are made of Infracambrian
sandstone (40%) so that the downstream area of the basin has higher permeability and might
provide better support for groundwater flows (Brunet-Moret et al., 1986).

Figure 1: Geographical localization of the Bani catchment at Douna (104 000 km2)
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  zone	
  

Material and methods

PET =

⇢
R

28.5
⇤ T+5

100

if T+5 >0
0 else

(2)

With PET (mm/d), R the extraterrestrial radiation (MJ/m2/d) and T the temperature of the
air at 2 m of altitude (̊ C).

As Oudin et al. (2010) suggested, this formula can be applied with a monthly temperature
time-step, which was done in this study. However, the extraterrestrial radiation is a daily
variable which depends on latitude and the Julian day of the year. Thus PET was finally
calculated with a daily time step through the reference period.

Figure 5: Isohyets, rainfall and discharge gauging stations over the Bani catchment

Finally, discharge was extracted from the Douna gauging station series. This station is not
at the outlet of the entire basin but it appeared to have a high quality daily discharge series
(less than 0.5 % of gap over 1952-2000) and covers more than 90 % of the total Bani catchment
(Fig 5).
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1.2.	
  REGIONAL	
  SCENARIOS	
  

Valida4on	
  over	
  an	
  historical	
  period:	
  seasonal	
  cycle	
  

EQ-10!N at 925 hPa), slight differences are found between

WRF ERA and re-analyses, with a stronger WRF simulated

WAM compared to ERA-40 (Fig. 8a). Whereas ARPEGE
forcing exhibits a doubtful easterly flow from September to

April, WRF XX winds do not show such bias. However,

the simulated WAM from WRF XX is stronger than in re-
analyses.

The seasonal cycle of the AEJ (averaged over 5!N–20!N

at 600 hPa), is reasonably well depicted in the simulations
(Fig. 8b), with small differences between both experi-

ments. Nevertheless, WRF simulated AEJ flows seem
biased from October to May, with an easterly orientation

which is not found in ERA-40 and ARPEGE forcings for

this period.
Variations within the TEJ (averaged over EQ-15!N at

200 hPa) along the calendar year are satisfyingly reproduced

for WRF ERA and WRF XX simulations (Fig. 8c) with a
zonal reversal between October-May and June–September

periods, as observed in the re-analyses. The maximum

easterly flow within the TEJ is however shifted to August in

the regional experiments, while it reaches its easterly
extremum during June–July in the re-analyses.

As mentioned earlier, the AEJ position is strongly

related to the rain band position: a northern (southern)
location of the jet is accompanied by more (less) intense

monsoon. In order to examine the dynamics (position and

intensity) associated with the AEJ in summer, differences
between its northern (10!N–25!N) and southern (EQ-

10!N) zonal components in JAS are summarized as AEJ
latitudinal indexes for both forcings and WRF experi-

ments (Fig. 9c). The above relationship is then described

through simple linear correlations between these indexes
and CMAP JAS rainfall. The statistical significance con-

firms the relationship between the AEJ dynamics and

observed rainfall from CMAP estimates. It is found to be
enhanced for WRF XX and WRF ERA simulations
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Fig. 8 Mean seasonal cycles of zonal (a) WAM (averaged over
EQ-10!N at 925 hPa), (b) AEJ (averaged over 5!N–20!N at 600 hPa)
and (c) TEJ (averaged over EQ-15!N at 200 hPa), from WRF XX and

WRF ERA together with those from ARPEGE and ERA-40 forcing
fields over the 1981–1990 period. Thick lines correspond to ARPEGE
and thin lines to ERA-40
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Fig. 9 Correlation contours between indexes of the AEJ latitude (see
text) versus CMAP 1981–1990 JAS precipitation. The indexes are
computed from a ARPEGE, b WRF XX, c ERA-40, d WRF ERA. e

time-series of the index for the data sets in a–d. In a–d, shaded areas
correspond to scores significant at 90 and 95% level of significance
(light and dark grey respectively) using Monte-Carlo simulations
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Fig. 3 Hovmoller of pentad rainfall averaged between 10!E and
10!W over the 1981–1990 period for WRF XX (a) and WRF ERA
(d), together with ARPEGE (b) and ERA-40 (e) precipitation fields,

as well as rainfall estimates from CMAP (c) and GPCP (f) in mm/day
(isolines starting at 1 mm/day and onwards from 2 mm/day every
2 mm/day)
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  over	
  an	
  historical	
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  sta4s4cs	
  

XX) show lower occurrences of less intense events (from 1
to 2 mm/day) compared to what is observed for IRD in situ

data, whereas intense rainfall events seem to be overrep-

resented for the whole of the Sahelian region concerned.
Indeed, WRF XX and WRF ERA simulated rainfall exhibit

distributions which are closer to observations than their

forcings: for instance, ARPEGE precipitation distribution
shows larger discrepancies regarding the occurence of

events characterized by 2–10 mm/day, a bias not present in

WRF XX rainfall.
For the JAS period (right panel), WRF simulated rainfall

over Global Sahel (Fig. 4b) are closer to observations than

ARPEGE precipitation. Less intense rainfall events (2 to
10 mm/day) are slightly underrepresented in both WRF

runs compared to in situ data. The occurences of more

intense events (above 10 mm/day) are however better
reproduced, particularly in WRF ERA and to a lesser

extent in WRF XX simulations. As for March–November

over the other Sahelian regions, ARPEGE exhibit biases in
JAS regarding the occurrences of 2–10 mm/day rainfall

events which are not found in WRF simulated precipita-

tion: as a result, WRF XX rainfall field is found to fit better
with the observed JAS distribution. Although WRF XX

rainfall distribution shows lesser rainfall over Central Sahel

(Fig. 4d), higher precipitation amounts are found over
eastern Sahel (Fig. 4f) for this experiment (as noticed in

Fig. 2), in particular regarding the occurrence of rainfall

events characterized by more than 20 mm/day.
The first two leading EOF modes of JAS rainfall from

WRF XX, ARPEGE and CMAP estimates are shown in

Fig. 5. CMAP exhibits two main modes of variability
(Fig. 5e, f) characteristic of a well known discontinuity

between Guinean (EOF1) and Sahelian (EOF2) rainfall

variability in summer (Lamb 1985; Nicholson 1986; Le
Barbé and Lebel 1989; Janicot 1992; Fall et al. 2006). Such

a geographical distinction is not found for ARPEGE
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Fig. 5 First (left) and second
(right) leading EOF modes of
JAS rainfall over the
contemporary period for
ARPEGE (a and b), WRF XX
(c and d), and CMAP rainfall
estimates (e and f).
Corresponding time expansion
coefficients are shown in the
bottom panel for ARPEGE
(black), WRF XX (blue) and
CMAP (red)
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observations at the end of June is not so pronounced in

WRF XX simulations. Nevertheless, it is better represen-
tated than in the original ARPEGE rainfall field, in par-

ticular regarding its timing and latitudinal range. Overall,

the magnitude of WRF XX precipitation amounts is found
to be roughly a quarter lower than for both ARPEGE and

observations.

In the context of hydrological applications, hydrological
models are very sensitive to the distribution of precipita-

tion. Based on the geographical zones generally

distinguished within the Sahel (Philippon 2007), rainfall

distributions over the Global (12.5!N–17.5!N, 17.5!W–
17.5!E), Central (12.5!N–17.5!N, 10!W–10!E) and East

(12.5!N–17.5!N, 10!E–17.5!E) Sahel are presented in

Fig. 4 for both WRF ERA and WRF XX experiments
together with ARPEGE and IRD in situ data over the

1981–1990 period. ERA-40 rainfall being very unrealistic,

it is not considered in the following analysis.
From March to November (left panel) ARPEGE and

both WRF simulated rainfall (from WRF ERA and WRF
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(a) March to November rainfall probability over Global Sahel (1981−1990)
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(c) March to November rainfall probability over Central Sahel (1981−1990)
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(e) March to November rainfall probability over East Sahel (1981−1990)
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(f) JAS rainfall probability over East Sahel (1981−1990)

IRD

ARPEGE

WRF XX

WRF ERA

IRD

ARPEGE

WRF XX

WRF ERA

Fig. 4 Rainfall distribution from March to November (left column)
and during JAS (right column) over the contemporary period, for
WRF XX (red), WRF ERA (light blue), ARPEGE (green), and IRD in

situ data (dark blue) for Global Sahel (top), Central Sahel (middle)
and East Sahel (bottom)
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3 Material and methods

3.1 Hydrological modelling

3.1.1 Model

To represent seasonal and inter-annual variations in runo↵ from the Bani catchment, a
rainfall-runo↵ model was used. The purpose was to represent the link between climate forcings
over the basin and discharge at its outlet. Due to data scarcity for this basin, a conceptual
approach was favored and the HydroStrahler (HS) model (Billen et al., 1994; Ruelland et al.,
2008a; 2009) was chosen. Using daily rainfall/PET data, this model represents, in a simplified
manner, the flow in the basin. It makes possible to simulate runo↵ at the outlet with a daily
time-step. It can be used with a lumped or semi-distributed mode, depending on the issue of
the study. HS takes into account two reservoirs in the watershed (Fig 4):

• a shallow reservoir, with short residence time, supplied by rainfall and feeding evapora-
tion, surface/subsurface runo↵ and infiltration

• a deep reservoir, with longer residence time, fed by infiltration and generating baseflow

Figure 4: Principle of the HydroStrahler model (Ruelland et al., 2009)

The model involves four parameters as shown in Fig 4: the saturation parameter (sat)
controls immediate runo↵; the sub-surface runo↵ rate (ssrr) determines sub-surface flows; in-
filtration toward the deep reservoir is controlled by infr ; and gwrr represents the groundwater
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Figure 14: Comparison of observed vs. simulated hydrographs at the Douna gauging station
over the period 1952-2000

4.2 Future climatic trends

The second results are the climatic scenarios obtained using the unbias and delta methods
on rainfall and temperature respectively. These results are determining for the last issue of
the study as climatic scenarios constrain the hydrological model. Tab 3 presents the averaged
bias and delta values for each time period. The monthly series are presented in Appendix 1,
Figs 23 and 24. These values were used with the observed series to generate climate trends
over 2011-2099 and 2032-2041.

For rainfall, there are three di↵erent trends. The first is fluctuating rainfall patterns over
time: the bias of CSIRO and MPI-M tends to decrease in the short to mid-term and then in-
crease in the long-term. The second trend is the opposite: the bias of HadCM3 first increases
in the mid-term and decreases to long-term. The third trend is to remain a trend constant
over time: the ARPEGE bias increases right up into the long-term. As far as these values
are concerned, the CSIRO bias is substantial in comparison to the others (+555 %) which
means that this model generates a higher proportion of rainfall than the others. MPI-M rates
are between CSIRO and the other models (around +33 %). ARPEGE and HadCM3 present
negative values that tend to generate lower rainfall than observed reality in the long-term for
HadCM3 (-4 %), and also in the short and mid-term for ARPEGE (both -5 %). For WRF,
the bias values (+104 %) are between that of CSIRO and the other GCMs. Over a 10-year
period, ARPEGE-10 bias is higher than a 30-year short-term period and tends to simulate
higher rather than lower levels of rainfall (+32 %). These biases are averaged values of each
term period. It means that for the 2032-2041 period, ARPEGE-10 simulates higher rainfall
than the average value of the entire short-term and that in other decades this GCM generates
much lower rainfall.
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following: a very heterogeneous world with steady population growth, reaching 15 thousand
million people by the end of the 21st century. Others themes include strengthening regional
cultural identities, an emphasis on family values and local traditions, and less concern for rapid
economic development. There are no concerted measures to mitigate the increasing concen-
tration rates of greenhouse gases in the atmosphere. This would cause a global warming of
2.7-4.8 oC, depending on the GCM (IPCC, 2007). Three future time periods were considered:
2011-2040, 2041-2070 and 2071-2099 (respectively a short, mid and long-term period) (see Fig
6). For RCMs, the future simulations occur between 2032 and 2041 which places them in the
short-term.

Figure 6: CM monthly temperature and rainfall study periods over 1950-2099

To assess wether model simulations are suitable for use with HS, a forewarning analysis of
their spatial and temporal quality was performed.

3.2.2 CM temporal evaluation

First, the seasonal variability of each climatic model was tested. The monthly average for
rainfall and temperature was calculated for each CM cell over the reference period. Then, the
series were spatially aggregated across the basin so that the series could be compared with
observed values in a thinner grid. First, each HS cell included in a CM cell was given the CM
output value. As HS cells do not have the same surface area, the aggregation was done by
calculating the cell surface weighted average:

Meanmonth =

PN
j=1

Mean

j
month ⇤ s(j)

S

with Mean

j
month =

PLy
i=Fy Month

j
i

Ny

(8)

where Meanmonth is the spatially aggregated mean value for the chosen month over the basin,
Mean

j
month is the mean value over the reference period for the chosen month in cell j, s(j) is

the surface of cell (km2) j, S is the total surface of the catchment (km2), Month

j
i is the value

for chosen month of year i in cell j, Fy is the first year of the reference period, Ly is the last
year of the reference period and Ny is the number of years in the reference period.

When compared with observed monthly rainfall and temperature, the CMs represent sea-
sonal variability fairly accurately (Figs 7 and 8). The monsoon season is correctly reproduced
but the rainfall peak does not always match observed data (see Fig 7a). Some GCMs, like
CSIRO and HadCM3, start the monsoon season well, while MPI-M and ARPEGE start the
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For temperature, all of the GCMs generate increasing trends. MPI-M and ARPEGE simu-
late the highest values while CSIRO generates the lowest temperatures. Using the delta method
and depending on the model, temperature is estimated to rise by 1 to 1.5 oC in the short-term,
2 to 2.7 oC in the mid-term and 3.6 to 5.4 oC in the long-term. Once again, ARPEGE-10
values are higher than in the 30-year short-term period: reaching 1.6 oC instead of 1.4 oC. The
WRF delta remains in the range of GCM short-term values with a temperature increase of 1.3
oC.

Bias (%) Delta (oC)
Short-term Mid-term Long-term Short-term Mid-term Long-term
2011-2040 2041-2070 2071-2099 2011-2040 2041-2070 2071-2099

CSIRO 482 431 555 1.2 2.0 3.7
MPI-M 31 5 29 1.1 2.6 5.4
HadCM3 2 6 -4 1.2 2.7 4.8
ARPEGE -5 -5 10 1.4 2.5 5.2

2032-2041 – – 2032-2041 – –
ARPEGE-10 32 – – 1.6 – –
WRF 104 – – 1.3 – –

Table 3: Bias and delta averaged over the catchment in the short, mid and long-term

These values can be seen in Figs 15, 16, 17 and 18. The most noticeable trends are seen
in CSIRO; they are twice as high as the other GCMs (Fig 15). They also seem to increase
strongly in the short-term and then reduce over time to arrive at values comparable with those
of the long-term observed data. The other CM trends do not di↵er from observations as much.
When comparing rainfall peaks, a slight decreasing-with-time trend can be noted for MPI-M
and also for HadCM3 in the long-term; however ARPEGE seems to alternate trends and even-
tually increases in the long-term. Fig 16 illustrates the high level that ARPEGE-10 simulated
for rainfall in the 2032-2041 period. This must be due to an anomaly in the simulated climatic
series. The detailed series in Appendix 1, Fig 24a show that the January 2041 rainfall bias rises
so high (121) that it is no longer contained in the graph (so as not to hide other monthly values).

In Figs 17 and 18, PET scenarios are plotted. They are based on a simple temperature-
based formula (Eq 2) and PET follows the same pattern as temperature. The increasing-
with-time pattern is clearly demonstrated by all of the CMs. It can be noted that there are
higher values for ARPEGE-10 and WRF than other CMs in this period. The di↵erence seen
in ARPEGE-10, including the longer short-period can be explicated as above, and there are
higher values in the 2030 decade than there are in the two previous decades.

Finally, the hydrological model HS is constrained by changing patterns of rainfall depend-
ing on the CM and with PET increasing over time. As rainfall and PET work in opposition
for the discharge simulation, the HS results cannot be predicted intuitively.
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Figure 15: Simulated rainfall based on GCM simulations at short, mid and long term

Figure 16: Simulated rainfall based on ARPEGE-10 and WRF simulations at short-term
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Figure 15: Simulated rainfall based on GCM simulations at short, mid and long term

Figure 16: Simulated rainfall based on ARPEGE-10 and WRF simulations at short-term
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Figure 17: Simulated PET based on GCM simulations at short, mid and long term

Figure 18: Simulated PET based on ARPEGE-10 and WRF simulations at short-term
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Figure 17: Simulated PET based on GCM simulations at short, mid and long term

Figure 18: Simulated PET based on ARPEGE-10 and WRF simulations at short-term
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4.3 Future hydrological trends

Finally, the most important results of this study concern hydrological trends. For the rea-
sons mentioned earlier, Figs 19 and 20 show simulated discharge in the future for MPI-M,
HadCM3, ARPEGE, ARPEGE-10 and WRF. CSIRO simulations are not shown because their
values are much higher than the other CMs, so high that the graphs cannot accurately repre-
sent the results. CSIRO simulations can still be seen in Appendix 3, Fig 25.

Figure 19: Simulated discharge according to GCM simulations at short, mid and long-term

As seen in Fig 19, the GCMs all produce simulations that decrease over time, but not
always in the same way. In MPI-M discharge appears to gradually decline over time (twice
as high as observed discharge in the short-term and seven times as high in the long-term),
simulations by HadCM3 and ARPEGE decrease in the short-term and then discharge rises
to reach a level comparable with observed values in the mid-term. Discharge simulated by
HadCM3 reduces sharply in the long-term while discharge is steady in the short and mid-term
with ARPEGE. Overall, the flood season remains at the same time of the year. The discharge
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peak occurs at the same time as observations, sometimes a month later for HadCM3 or earlier
for ARPEGE. For the highest simulated discharges, the flood season does not change, but for
the lowest simulated discharge its time-period decreases from 7 to 3 months using HadCM3 in
the long-term; this is the most extreme case.

Figure 20: Simulated discharge according to ARPEGE-10 and WRF simulations at short-term

Discharge simulation results for ARPEGE-10 and WRF are presented in Fig 20. Due to the
January 2041 rainfall anomaly in ARPEGE-10, future discharge for this CM is much greater
than past observations. As for WRF, HS simulates lower discharge with a peak at 40 m3/s
compared to 115 m3/s for observed data. The flood season is slightly longer (a few weeks) and
the discharge peak is reached some days after the observed peak.

This section shows that the dynamics of simulated discharge does not change. Flood peaks
tend to occur at the same time as observed peaks. Only the discharge values reduce with
time as a general rule. This can be linked to PET constantly increasing in the future for all
CMs and shows no clear trend for simulated rainfall. These lower values tend to decrease the
seasonal flood period. This will probably impact the discharge at the outlet of the catchment
and should generate a significant decline in the annual flood of the inner Niger Delta.
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2.1.	
  MOTIVATION	
  

	
  
v Water	
   resources	
   planning/management	
   efficacy	
   is	
   subject	
   to	
  
capturing	
   inherent	
   uncertain4es	
   stemming	
   from	
   clima4c	
   and	
  
hydrological	
  inputs	
  and	
  models	
  

v However,	
  li_le	
  considera[on	
  has	
  been	
  given	
  to	
  methodologies	
  that	
  
include	
   coupling	
   both	
   mul4ple	
   climate	
   and	
   mul4ple	
   hydrological	
  
models,	
   increasing	
   the	
   pool	
   of	
   forecast	
   ensemble	
   members	
   and	
  
accoun[ng	
  for	
  cumula[ve	
  sources	
  of	
  uncertainty	
  

	
  
	
  
Aim:	
  the	
  framework	
  presented	
  here	
  proposes	
  the	
  integra4on	
  of	
  global	
  
climate	
  models	
  (GCMs),	
  mul4ple	
  regional	
  climate	
  models	
  (RCMs),	
  and	
  
numerous	
  water	
   balance	
  models	
   to	
   improve	
   streamflow	
   forecas4ng	
  
through	
  genera[on	
  of	
  ensemble	
  forecasts	
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2.1.	
  MOTIVATION	
  

Applica4on	
  Site	
  
	
  

v The	
  Iguatu	
  basin:	
  lies	
  within	
  the	
  larger	
  Jaguaribe	
  basin,	
  a	
  72,000	
  km2	
  
semi-­‐arid	
  area	
  in	
  northeast	
  Brazil	
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2.1.	
  MOTIVATION	
  

Applica4on	
  Site	
  
	
  

v The	
  Iguatu	
  basin:	
  lies	
  within	
  the	
  larger	
  Jaguaribe	
  basin,	
  a	
  72,000	
  km2	
  
semi-­‐arid	
  area	
  in	
  northeast	
  Brazil	
  and	
  experiences	
  one	
  rainy	
  season	
  
annually,	
  from	
  January	
  to	
  May	
  

ECHAM4.5 and NCEP ⁄ MRF9 GCM precipitation
data is obtained from the IRI Data Library and based
on observed SSTs and 10 ensemble members each
(Kumar et al., 1996; Livezey et al., 1996; Roeckner
et al., 1996; Saha et al., 2006).

FORECASTING APPROACH AND
MODEL DESCRIPTIONS

This approach proposes the integration of multiple
GCMs, RCMs, hydrologic models, and multi-model
combination techniques in successive fashion for
ensemble streamflow forecasting. The overall frame-
work proposed is presented pictorially in Figure 2.
Generally, persisted or forecasted sea-surface temper-
atures drive GCMs, producing low resolution precipi-
tation that may be downscaled with statistical or
dynamical RCMs. Dynamical approaches often
require bias correction based on hindcasts and histor-
ical observations. If desired, downscaled precipitation
(and other climatic variables) may be run through a
weather generator to produce an ensemble of plausi-
ble scenarios, further increasing the forecast pool.
Downscaled precipitation is fed into hydrological
models to generate streamflow forecasts, which are
subsequently weighted and combined, as a final step,
to create a multi-model ensemble for probabilistic
evaluation. To demonstrate the framework on the Ig-
uatu basin, a streamflow hindcast is performed over
the 1974-1996 period. The following sections describe

specific models chosen for analysis, and by no means
constitute the full array of possibilities available in
the proposed framework.

Climate Models

Global Climate Models. The atmospheric GCMs
chosen for framework demonstration are the
ECHAM4.5, as developed at the Max Plank
Institute for Meteorology in Germany (Roeckner
et al., 1996), and the NCEP ⁄ MRF9, developed by

FIGURE 1. January to June Streamflow on the Jaguaribe River at Iguatu, Brazil, for 1912-1996.

FIGURE 2. Proposed Framework for Streamflow Forecasting.

A STREAMFLOW FORECASTING FRAMEWORK USING MULTIPLE CLIMATE AND HYDROLOGICAL MODELS
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2.2.	
  DATA	
  &	
  METHODOLOGY	
  

Forecas4ng	
  Approach	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

To	
   demonstrate	
   the	
   framework	
   on	
   the	
   Iguatu	
   basin,	
   a	
   streamflow	
  
hindcast	
  is	
  performed	
  over	
  the	
  1974-­‐1996	
  period	
  

	
  

ECHAM4.5 and NCEP ⁄ MRF9 GCM precipitation
data is obtained from the IRI Data Library and based
on observed SSTs and 10 ensemble members each
(Kumar et al., 1996; Livezey et al., 1996; Roeckner
et al., 1996; Saha et al., 2006).

FORECASTING APPROACH AND
MODEL DESCRIPTIONS

This approach proposes the integration of multiple
GCMs, RCMs, hydrologic models, and multi-model
combination techniques in successive fashion for
ensemble streamflow forecasting. The overall frame-
work proposed is presented pictorially in Figure 2.
Generally, persisted or forecasted sea-surface temper-
atures drive GCMs, producing low resolution precipi-
tation that may be downscaled with statistical or
dynamical RCMs. Dynamical approaches often
require bias correction based on hindcasts and histor-
ical observations. If desired, downscaled precipitation
(and other climatic variables) may be run through a
weather generator to produce an ensemble of plausi-
ble scenarios, further increasing the forecast pool.
Downscaled precipitation is fed into hydrological
models to generate streamflow forecasts, which are
subsequently weighted and combined, as a final step,
to create a multi-model ensemble for probabilistic
evaluation. To demonstrate the framework on the Ig-
uatu basin, a streamflow hindcast is performed over
the 1974-1996 period. The following sections describe

specific models chosen for analysis, and by no means
constitute the full array of possibilities available in
the proposed framework.

Climate Models

Global Climate Models. The atmospheric GCMs
chosen for framework demonstration are the
ECHAM4.5, as developed at the Max Plank
Institute for Meteorology in Germany (Roeckner
et al., 1996), and the NCEP ⁄ MRF9, developed by

FIGURE 1. January to June Streamflow on the Jaguaribe River at Iguatu, Brazil, for 1912-1996.

FIGURE 2. Proposed Framework for Streamflow Forecasting.
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①  GCMs	
   precipita4on	
   forecasts	
   are	
  
downscaled	
  with	
  sta[s[cal	
  and	
  dynamical	
  
downscaling	
  

②  RCM	
   downscaled	
   rainfall	
   are	
   then	
   bias	
  
corrected	
   using	
   hindcasts	
   &	
   past	
  	
  
observa[ons	
  

	
  

③  Downscaled	
   precipita4on	
   are	
   fed	
   into	
  
hydro log ica l	
   models	
   to	
   forecast	
  
streamflow	
  

④ These	
   are	
   subsequently	
   weighted/
combined	
   to	
   create	
   a	
   mul4-­‐model	
  
ensemble	
  for	
  probabilis[c	
  evalua[on	
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2.2.	
  DATA	
  &	
  METHODOLOGY	
  

Climate	
  Models	
  &	
  Downscaling	
  
	
  

v GCMs: 	
  Max	
  Planck	
  ECHAM4.5	
   	
   	
  	
  	
   	
  	
  	
  	
  	
  	
  (Roeckner	
  et	
  al,	
  1996)	
  
	
   	
   	
  NCEP	
  MRF9	
   	
   	
   	
   	
   	
  	
  	
  	
  	
  	
  	
  	
  	
   	
  	
  	
  (Kumar	
  et	
  al,	
  1996)	
  

Both	
  are	
  forced	
  by	
  observed	
  SSTs	
  to	
  provide	
  hincasts	
  
	
  
v RCMs: 	
  NCEP	
  Regional	
  Spectral	
  Model	
  (RSM)	
  (Juang	
  et	
  al,	
  1997)	
  
An	
   10-­‐run	
   ensemble	
   is	
   produced	
   with	
   the	
   nested	
   RSM-­‐
ECHAM4.5	
  using	
  observed	
  SSTs	
  (Jan-­‐Jun,	
  1971-­‐2000)	
  

	
   	
  NB:	
  similar	
  RSM-­‐MRF9	
  products	
  were	
  not	
  available	
  
	
  
v Sta4s4cal	
  Downscaling:	
  Principal	
  Component	
  Analysis	
  (PCA)	
  
A	
  cross-­‐validated	
  linear	
  regression	
  model	
  with	
  PCs	
  of	
  the	
  GCM	
  
forecasted	
  precipita[on	
  ensemble	
  mean	
  ac[ng	
  as	
  predictors	
  

	
   	
  NB:	
  repeated	
  for	
  each	
  month	
  and	
  each	
  GCM	
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2.2.	
  DATA	
  &	
  METHODOLOGY	
  

Climate	
  Models	
  &	
  Downscaling	
  
	
  

v Bias	
   correc4on:	
   Probability	
   mapping	
   applied	
   to	
   monthly	
  
RSM	
   precipita[on	
   data	
   and	
   is	
   based	
   on	
   two	
   cumula[ve	
  
distribu[on	
   func[ons	
   (CDFs):	
   (1)	
   the	
   historical	
   observed	
  
data,	
  and	
  (2)	
  all	
  RSM	
  ensemble	
  data	
  pooled	
  by	
  months	
  

Hydrological Models

A plethora of lumped and distributed hydrological
models have been developed over the past decades,
providing a wide array of choices. Two rainfall-runoff
models are selected for inclusion in this work: the
ABCD model, well recognized and accepted in the
hydrology community (Thomas, 1981; Thomas et al.,
1983) and the SMAP applied to various basins within
Brazil (Lopes et al., 1982; Lopes and Porto, 1993). The
models are both run at monthly time-steps, effectively
relegating them to water balance models. Models
requiring higher temporal resolution may alterna-
tively be selected, dependent on forecasting needs.

SMAP is a conceptual, lumped model containing two
reservoirs (subsurface and ground water) and four
parameters: soil saturation capacity, surface flow, a
recharge coefficient, and a base flow recession
coefficient. The rainfall-runoff component is founded
on the Soil Conservation Service equation and utilizes
basin average precipitation and evapotranspiration.

ABCD is a nonlinear watershed model, which repre-
sents soil moisture storage, ground water storage,
direct runoff, ground water outflow to the stream chan-
nel, and actual evapotranspiration. Inputs include pre-
cipitation and potential evapotranspiration. Its
performance in comparison with other monthly water
balance models has lead to its recommended use
(Alley, 1984, 1985; Vandewiele et al., 1992).

Multi-Model Hindcast Ensemble Combinations and
Skill Scores

Three techniques for combining hindcast ensembles
from multiple models are selected to demonstrate

various levels of sophistication. Monthly streamflow
hindcasts (January to June) from the hydrological
models are aggregated to seasonal totals prior to com-
bination. Aggregating temporally tends to smooth the
data and increase skill by reducing the noisy month-to-
month variability. Seasonal totals are also of
particular interest for the application site in regards to
agriculture and water resources infrastructure
planning.

The most straightforward technique for combining
ensembles is pooling, in which all ensemble members
are given equal weight and joined into a single multi-
model ensemble (Barnston et al., 2003; Robertson
et al., 2004; Hagedorn et al., 2005). Basic statistics
(median, standard deviation, etc.) are easily com-
puted. It has been shown that even this simple
approach typically proves superior to a single forecast
due to its higher reliability (Doblas-Reyes et al., 2005;
Hagedorn et al., 2005).

The second methodology utilizes a least squares lin-
ear regression technique, of which a form has been
used for some time by NCEP for seasonal climate fore-
casts (Van den Dool, March 27, 2008, IRI Seminar Ser-
ies). The particular version adopted here assigns a
weight to model ensembles based on the regression
coefficient created by fitting individual ensemble
means to observed conditions. Regression coefficients
closer to a value of one (similar to observed conditions)
are assigned greater proportional weight than coeffi-
cients deviating further from one.

The third approach applies a normal kernel den-
sity estimator (Bowman and Azzalini, 1997; Bishop,
2006) to calculate the probability density, Pmt, at each
hindcast observation from each model using the fol-
lowing equation:

Pm;t ¼
1

N

XN

n¼1

1ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2ph2Þ

p exp $ðxo;t$ xm;t;nÞ2

2h2

( )

;

t¼ 1 to t%;m¼ 1 to z;

ð4Þ

where N is the total number of ensemble members, h
is the kernel bandwidth, xm,t,n is the hindcast value
from model m, in period t, and ensemble member n,
and x0,t is the observation in period t (where the
probability density is desired). Bandwidth is set as a
function of ensemble variance. Optimal weight for
each model (wm), constrained between zero and one,
is obtained by maximizing the total likelihood (L)
over all time periods from all models (Rajagopalan
et al., 2002). For ‘‘z’’ models:

L ¼
YT

t¼1

Xz

m¼1
wmPm;t

" #
( )

ð5Þ

FIGURE 3. Probability Mapping
Demonstration for Bias Correction.
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1)  Each	
  CDF	
  is	
  fit	
  with	
  a	
  gamma	
  
distribu4on	
  	
  

2)  A	
  given	
  monthly	
  RSM	
  precipita4on	
  
value	
  from	
  a	
  hindcast	
  ensemble	
  
member	
  is	
  then	
  bias	
  corrected	
  by	
  
mapping	
  it	
  from	
  the	
  corresponding	
  
month’s	
  pooled	
  RSM	
  CDF	
  to	
  the	
  
observed	
  CDF	
  



The International Research Institute
for Climate and Society

2.2.	
  DATA	
  &	
  METHODOLOGY	
  

Hydrological	
  Models	
  
	
  

v Conceptual	
   model:	
   Soil	
   Moisture	
   Accoun4ng	
   Procedure	
  
(SMAP)	
   model	
   containing	
   2	
   reservoirs	
   and	
   4	
   parameters.	
  
The	
   rainfall-­‐runoff	
   component	
   is	
   founded	
   on	
   the	
   Soil	
  
Conserva[on	
   Service	
   equa[on	
   and	
   u[lizes	
   basin	
   average	
  
precipita[on	
  and	
  evapotranspira[on	
  

(Souza	
  Filho	
  and	
  Porto,	
  2003)	
  
	
  
v Non-­‐linear	
  watershed	
  model:	
  ABCD	
  model	
   represents	
   soil	
  

moisture	
   storage,	
   ground	
   water	
   storage,	
   direct	
   runoff,	
  
ground	
   water	
   ouplow	
   to	
   the	
   stream	
   channel,	
   and	
   actual	
  
evapotranspira[on.	
   Inputs	
   include	
   precipita[on	
   and	
  
poten[al	
  evapotranspira[on	
  

(Thomas,	
  1981;	
  Thomas	
  et	
  al,1983)	
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2.2.	
  DATA	
  &	
  METHODOLOGY	
  
Mul4-­‐Model	
  Hindcast	
  Ensemble	
  Combina4ons	
  &	
  Skill	
  Scores	
  

	
  
Three	
   techniques	
   are	
   applied	
   to	
   seasonal	
   streamflow	
  hindcast	
   totals	
   aggregated	
  
from	
  monthly	
  values	
  (Jan-­‐Jun):	
  
	
  
v  Simple	
  pooling:	
  all	
  ensemble	
  members	
  are	
  given	
  equal	
  weight	
  and	
  joined	
  into	
  

a	
  single	
  mul[model	
  ensemble	
  (MME)	
  =>	
  superior	
  to	
  a	
  single	
  forecast	
  due	
  to	
  its	
  
higher	
  reliability 	
   	
   	
   	
  	
  	
  (Barnston	
  et	
  al,	
  2003;	
  Robertson	
  et	
  al,	
  2004)	
  

v  Least	
  Square	
  Linear	
  Regression:	
  assigns	
  a	
  weight	
  to	
  model	
  ensembles	
  based	
  on	
  
the	
   regression	
   coefficient	
   created	
   by	
   fitng	
   individual	
   ensemble	
   means	
   to	
  
observed	
  condi[ons	
   	
   	
   	
   	
   	
   	
   	
   	
  	
  	
  (Van	
  den	
  Dool,	
  2008)	
  

v  Normal	
   Density	
   Kernel	
   Es4mator:	
   calculates	
   the	
   probability	
   density	
   at	
   each	
  
hindcast	
   observa[on	
   from	
   each	
   model.	
   Op[mal	
   weight	
   for	
   each	
   model	
   is	
  
obtained	
   by	
   maximizing	
   the	
   total	
   likelihood	
   over	
   all	
   [me	
   periods	
   from	
   all	
  
models	
   	
   	
   	
   	
   	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (Rajagopalan	
  et	
  al,	
  2002;	
  Bishop,	
  2006)	
  

Skill	
   scores:	
   median	
   and	
   total	
   root	
   mean	
   square	
   error	
   (RMSE),	
   Pearson’s	
  
correla[on	
  coefficient	
  and	
  Rank	
  Probability	
  Skill	
  Score	
  (RPSS)	
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Skill scores for ensemble hindcast evaluation
selected here include median and total root mean
square error, Pearson’s correlation coefficients, and
rank probability skill score (RPSS) (Wilks, 1995; Sun
et al., 2006; Block and Rajagopalan, 2008). Pearson’s
correlation coefficients are calculated using ensemble
medians. Relevant equations and descriptions are
provided in Appendix I.

RESULTS AND ANALYSIS

Following the framework proposed and models
selected, streamflow hindcasts for 1974-1996 at Igua-
tu are generated and compared with the observed
record. Results at each major stage of the framework
are presented.

Climate Model Downscaling

The ability of the nested ECHAM4.5 GCM-RSM
model to simulate interannual variability of precipi-
tation is illustrated in Figure 4. Temporal anomaly
correlation coefficients between observed and simu-
lated precipitation ensemble means during the
rainy season (Figure 4A) exceed 0.3 (the 90% confi-
dence level) over most of northeast Brazil, with a
correlation coefficient of 0.72 for the Jaguaribe
basin. The strong performance by the model
suggests that much of the interannual variability
of basin rainfall is associated with global SST
variations.

Probabilistic rainfall hindcasts by the nested model
provide an estimate of the predictability that may be
achievable given a perfect SST forecast. The RPSS
for the RSM precipitation ensemble mean averaged
over the 30-year hindcast is shown in Figure 4B, and
indicates moderate skill (<10%) south of latitude 9 S,
but stronger skill (>10%) in northeast Brazil, particu-
larly over the basin.

Figure 5 illustrates the raw RSM and observed
CDFs required for bias correction of monthly precipi-
tation, and clearly indicates a larger bias in the drier
January, May, and June months.

The bias correction methodology adopted here is
fairly effective for the Jaguaribe basin, yet some
years still indicate insufficient or excess precipitation
in comparison with the observed record. Figure 6
(top) depicts box plots of the January to June total
precipitation for each corrected ensemble member
and the observed record for 1971-1996. While for
most years the ensemble members envelop the
observed value, as desired, a few years indicate under-

or over-predictions by all ensemble members (e.g.,
1974 and 1976) even after bias correction, partially
attributable to scaling with ensemble means. How-
ever, this is expected with ensemble forecasting, and
the general wet or dry bias of the RSM model
appears to be effectively removed. The correlation
coefficient between the dynamically downscaled
ensemble mean and observed precipitation over the
entire season is 0.82 for the validation period (see
Table 1); the median RPSS for the ensemble years
equals 0.35, indicating a notable improvement over
climatology.

FIGURE 4. Nested ECHAM4.5 GCM-RSM Model Results: (A) Tem-
poral Anomaly Correlation Coefficients Between Observed and
RSM Ensemble Mean Precipitation, and (B) RPSS for the RSM

Precipitation Ensemble Mean Averaged Over 1971-2000.
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square error, Pearson’s correlation coefficients, and
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correlation coefficients are calculated using ensemble
medians. Relevant equations and descriptions are
provided in Appendix I.
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lated precipitation ensemble means during the
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correlation coefficient of 0.72 for the Jaguaribe
basin. The strong performance by the model
suggests that much of the interannual variability
of basin rainfall is associated with global SST
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Probabilistic rainfall hindcasts by the nested model
provide an estimate of the predictability that may be
achievable given a perfect SST forecast. The RPSS
for the RSM precipitation ensemble mean averaged
over the 30-year hindcast is shown in Figure 4B, and
indicates moderate skill (<10%) south of latitude 9 S,
but stronger skill (>10%) in northeast Brazil, particu-
larly over the basin.

Figure 5 illustrates the raw RSM and observed
CDFs required for bias correction of monthly precipi-
tation, and clearly indicates a larger bias in the drier
January, May, and June months.

The bias correction methodology adopted here is
fairly effective for the Jaguaribe basin, yet some
years still indicate insufficient or excess precipitation
in comparison with the observed record. Figure 6
(top) depicts box plots of the January to June total
precipitation for each corrected ensemble member
and the observed record for 1971-1996. While for
most years the ensemble members envelop the
observed value, as desired, a few years indicate under-

or over-predictions by all ensemble members (e.g.,
1974 and 1976) even after bias correction, partially
attributable to scaling with ensemble means. How-
ever, this is expected with ensemble forecasting, and
the general wet or dry bias of the RSM model
appears to be effectively removed. The correlation
coefficient between the dynamically downscaled
ensemble mean and observed precipitation over the
entire season is 0.82 for the validation period (see
Table 1); the median RPSS for the ensemble years
equals 0.35, indicating a notable improvement over
climatology.
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FIGURE 5. Cumulative Distribution Functions for 1971-1996 Monthly Precipitation. Solid line represents
Iguatu basin observed; dashed lines represent 10 uncorrected RSM ensemble members. Note different scales.

FIGURE 6. Box Plots of Downscaled January to June Total Precipitation Over Iguatu Basin for 1971-1996;
Top by Dynamical – Bias Correction, Middle by Statistical – ECHAM4.5, Bottom by Statistical – NCEP ⁄ MRF9

Boxes Constructed From all 10 Ensemble Members; Observed Values Shown as Filled Circles.
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FIGURE 5. Cumulative Distribution Functions for 1971-1996 Monthly Precipitation. Solid line represents
Iguatu basin observed; dashed lines represent 10 uncorrected RSM ensemble members. Note different scales.

FIGURE 6. Box Plots of Downscaled January to June Total Precipitation Over Iguatu Basin for 1971-1996;
Top by Dynamical – Bias Correction, Middle by Statistical – ECHAM4.5, Bottom by Statistical – NCEP ⁄ MRF9

Boxes Constructed From all 10 Ensemble Members; Observed Values Shown as Filled Circles.
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ABCD models with the ECHAM4.5 GCM precipita-
tion ensemble dynamically downscaled and bias cor-
rected. Figures 9 and 10 are similar excepting that
statistical downscaling is employed for the
ECHAM4.5 and NCEP ⁄ MRF9 GCMs. Streamflow
ensembles are displayed as box plots; observed values
are indicated by filled circles. Seasonal time-series of
ensemble medians and observed streamflow are illus-

trated by solid and dashed lines, respectively. Notable
features include better approximation of 1974 (wet-
test year in hindcast period) by the ECHAM4.5-sta-
tistical downscaling technique in both hydrological
models (Figure 9), less variance in the NCEP ⁄ MRF9-
statistical downscaling method under both hydrologi-
cal models (Figure 10), compared with the other two
methods, and solid capture of the dry years by all
coupled methods. Coupled model skill scores, dis-
played in Table 2, are reasonably strong, and suggest
that the models and precipitation downscaling tech-
niques generally capture the features of the basin.
The SMAP coupled models appear slightly superior to
the ABCD models, however larger differences are evi-
dent between downscaling techniques. The
ECHAM4.5 GCM-statistical downscaling-SMAP cou-
pled model demonstrates the highest skill scores for
correlation and root mean squared error, but per-
forms inferiorly to climatology for the RPSS categori-
cal skill score. Evaluation of rank histograms
(Hamill, 2001) indicates suitable capture of stream-
flow variance within ensemble hindcasts, however
interpretation is limited by the short time-series.

Multi-Model Ensemble Combinations

Ensemble combination of the coupled models con-
stitutes the final step in streamflow forecasting laid

FIGURE 7. Time-Series of Observed and Model Streamflow
Over the 1912-1969 Calibration Period for SMAP (top) and
ABCD (bottom) Water Balance Models. Pearson correlation

coefficients are 0.90 and 0.89, respectively.

FIGURE 8. Box Plots and Time-Series of Observed and Coupled Model Streamflow Hindcast (1974-1996) Using Dynamically
Downscaled Precipitation with SMAP (top) and ABCD (bottom). Box plots constructed with all 10 ensemble members,

dashed line connects ensemble medians; observed values shown as filled circles and connected with solid line.
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ABCD models with the ECHAM4.5 GCM precipita-
tion ensemble dynamically downscaled and bias cor-
rected. Figures 9 and 10 are similar excepting that
statistical downscaling is employed for the
ECHAM4.5 and NCEP ⁄ MRF9 GCMs. Streamflow
ensembles are displayed as box plots; observed values
are indicated by filled circles. Seasonal time-series of
ensemble medians and observed streamflow are illus-

trated by solid and dashed lines, respectively. Notable
features include better approximation of 1974 (wet-
test year in hindcast period) by the ECHAM4.5-sta-
tistical downscaling technique in both hydrological
models (Figure 9), less variance in the NCEP ⁄ MRF9-
statistical downscaling method under both hydrologi-
cal models (Figure 10), compared with the other two
methods, and solid capture of the dry years by all
coupled methods. Coupled model skill scores, dis-
played in Table 2, are reasonably strong, and suggest
that the models and precipitation downscaling tech-
niques generally capture the features of the basin.
The SMAP coupled models appear slightly superior to
the ABCD models, however larger differences are evi-
dent between downscaling techniques. The
ECHAM4.5 GCM-statistical downscaling-SMAP cou-
pled model demonstrates the highest skill scores for
correlation and root mean squared error, but per-
forms inferiorly to climatology for the RPSS categori-
cal skill score. Evaluation of rank histograms
(Hamill, 2001) indicates suitable capture of stream-
flow variance within ensemble hindcasts, however
interpretation is limited by the short time-series.

Multi-Model Ensemble Combinations

Ensemble combination of the coupled models con-
stitutes the final step in streamflow forecasting laid

FIGURE 7. Time-Series of Observed and Model Streamflow
Over the 1912-1969 Calibration Period for SMAP (top) and
ABCD (bottom) Water Balance Models. Pearson correlation

coefficients are 0.90 and 0.89, respectively.

FIGURE 8. Box Plots and Time-Series of Observed and Coupled Model Streamflow Hindcast (1974-1996) Using Dynamically
Downscaled Precipitation with SMAP (top) and ABCD (bottom). Box plots constructed with all 10 ensemble members,

dashed line connects ensemble medians; observed values shown as filled circles and connected with solid line.
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ABCD models with the ECHAM4.5 GCM precipita-
tion ensemble dynamically downscaled and bias cor-
rected. Figures 9 and 10 are similar excepting that
statistical downscaling is employed for the
ECHAM4.5 and NCEP ⁄ MRF9 GCMs. Streamflow
ensembles are displayed as box plots; observed values
are indicated by filled circles. Seasonal time-series of
ensemble medians and observed streamflow are illus-

trated by solid and dashed lines, respectively. Notable
features include better approximation of 1974 (wet-
test year in hindcast period) by the ECHAM4.5-sta-
tistical downscaling technique in both hydrological
models (Figure 9), less variance in the NCEP ⁄ MRF9-
statistical downscaling method under both hydrologi-
cal models (Figure 10), compared with the other two
methods, and solid capture of the dry years by all
coupled methods. Coupled model skill scores, dis-
played in Table 2, are reasonably strong, and suggest
that the models and precipitation downscaling tech-
niques generally capture the features of the basin.
The SMAP coupled models appear slightly superior to
the ABCD models, however larger differences are evi-
dent between downscaling techniques. The
ECHAM4.5 GCM-statistical downscaling-SMAP cou-
pled model demonstrates the highest skill scores for
correlation and root mean squared error, but per-
forms inferiorly to climatology for the RPSS categori-
cal skill score. Evaluation of rank histograms
(Hamill, 2001) indicates suitable capture of stream-
flow variance within ensemble hindcasts, however
interpretation is limited by the short time-series.

Multi-Model Ensemble Combinations

Ensemble combination of the coupled models con-
stitutes the final step in streamflow forecasting laid

FIGURE 7. Time-Series of Observed and Model Streamflow
Over the 1912-1969 Calibration Period for SMAP (top) and
ABCD (bottom) Water Balance Models. Pearson correlation

coefficients are 0.90 and 0.89, respectively.

FIGURE 8. Box Plots and Time-Series of Observed and Coupled Model Streamflow Hindcast (1974-1996) Using Dynamically
Downscaled Precipitation with SMAP (top) and ABCD (bottom). Box plots constructed with all 10 ensemble members,

dashed line connects ensemble medians; observed values shown as filled circles and connected with solid line.
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out in this framework. Skill scores for the three com-
bination techniques proposed (pooled, linear regres-
sion weighting, and kernel density estimator) are
displayed in Table 3, with the kernel density estima-

tor approach emerging as most skillful. Correlation
coefficients are superior to single model ensemble
results (Table 2), errors are less than or on par with
single models, and categorical skill score (RPSS) is

FIGURE 9. Same as Figure 8 Except Using ECHAM4.5 Statistically Downscaled Precipitation.

FIGURE 10. Same as Figure 8 Except Using NCEP ⁄ MRF9 Statistically Downscaled Precipitation.
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ABCD models with the ECHAM4.5 GCM precipita-
tion ensemble dynamically downscaled and bias cor-
rected. Figures 9 and 10 are similar excepting that
statistical downscaling is employed for the
ECHAM4.5 and NCEP ⁄ MRF9 GCMs. Streamflow
ensembles are displayed as box plots; observed values
are indicated by filled circles. Seasonal time-series of
ensemble medians and observed streamflow are illus-

trated by solid and dashed lines, respectively. Notable
features include better approximation of 1974 (wet-
test year in hindcast period) by the ECHAM4.5-sta-
tistical downscaling technique in both hydrological
models (Figure 9), less variance in the NCEP ⁄ MRF9-
statistical downscaling method under both hydrologi-
cal models (Figure 10), compared with the other two
methods, and solid capture of the dry years by all
coupled methods. Coupled model skill scores, dis-
played in Table 2, are reasonably strong, and suggest
that the models and precipitation downscaling tech-
niques generally capture the features of the basin.
The SMAP coupled models appear slightly superior to
the ABCD models, however larger differences are evi-
dent between downscaling techniques. The
ECHAM4.5 GCM-statistical downscaling-SMAP cou-
pled model demonstrates the highest skill scores for
correlation and root mean squared error, but per-
forms inferiorly to climatology for the RPSS categori-
cal skill score. Evaluation of rank histograms
(Hamill, 2001) indicates suitable capture of stream-
flow variance within ensemble hindcasts, however
interpretation is limited by the short time-series.

Multi-Model Ensemble Combinations

Ensemble combination of the coupled models con-
stitutes the final step in streamflow forecasting laid

FIGURE 7. Time-Series of Observed and Model Streamflow
Over the 1912-1969 Calibration Period for SMAP (top) and
ABCD (bottom) Water Balance Models. Pearson correlation

coefficients are 0.90 and 0.89, respectively.

FIGURE 8. Box Plots and Time-Series of Observed and Coupled Model Streamflow Hindcast (1974-1996) Using Dynamically
Downscaled Precipitation with SMAP (top) and ABCD (bottom). Box plots constructed with all 10 ensemble members,

dashed line connects ensemble medians; observed values shown as filled circles and connected with solid line.
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out in this framework. Skill scores for the three com-
bination techniques proposed (pooled, linear regres-
sion weighting, and kernel density estimator) are
displayed in Table 3, with the kernel density estima-

tor approach emerging as most skillful. Correlation
coefficients are superior to single model ensemble
results (Table 2), errors are less than or on par with
single models, and categorical skill score (RPSS) is

FIGURE 9. Same as Figure 8 Except Using ECHAM4.5 Statistically Downscaled Precipitation.

FIGURE 10. Same as Figure 8 Except Using NCEP ⁄ MRF9 Statistically Downscaled Precipitation.
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tor approach emerging as most skillful. Correlation
coefficients are superior to single model ensemble
results (Table 2), errors are less than or on par with
single models, and categorical skill score (RPSS) is
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again as good or better. Total root mean squared
error for pooling was omitted, as it comprises 60
ensemble members, while the other techniques only
10. Optimal least squares linear regression model
weights were quite similar across models, with the
ECHAM4.5-statistical downscaling coupled models
receiving the highest proportion. The kernel density
estimator technique, however, placed most weight on
the three SMAP coupled models, with the two statis-
tical downscaling methods being highest (dynamical
contributes approximately 28%, the ECHAM statisti-
cal 36%, and the NCEP statistical 35%). Very little
weight is reserved for the ABCD coupled models
under this methodology (approximately 1%), adding
minimal additional information for this region. The
kernel density estimator slightly outperforms the
ECHAM4.5-statistical downscaling-SMAP single
model when evaluating across all skill score metrics,
generally reflecting an improvement in streamflow
estimation for most years. Greater separation
between these two (e.g., even stronger performance of
the kernel model over the single model) is observed
when 1974 (wettest year in hindcast) is omitted, and
would also be expected as the time-series length is

increased (more than 23 years). As the skill scores
are already remarkably high for this region, it is
exceptionally difficult to improve substantially over a
single model hindcast. More distinct differences
between single and multi-model approaches may be
expected for regions of moderate to low skill. Fig-
ure 11 portrays median seasonal streamflow from the
six hydrological model ensembles and the kernel den-
sity estimator multi-model combination, and the
observations. Clearly the kernel combination does not
produce the best estimate for any given year, but out-
performs any single hydrological model approach over
the hindcast period.

Streamflow forecast ensembles may also be used to
construct probability density functions (PDFs), benefi-
cial for risk-based decision making within the basin.
As a demonstration, Figure 12 illustrates PDFs of sea-
sonal streamflow from the pooling combination tech-
nique and from the observed record (climatology) for
1991, a dry year. Actual 1991 streamflow is included as
a dotted vertical line. The PDFs are estimated using a
nonparametric kernel density estimator (Bowman and
Azzalini, 1997). The pooled ensemble hindcast PDF is
clearly shifted left of the climatological PDF, indicative
of relatively less streamflow, more closely matching
observed conditions. This type of information is useful
for risk assessment and improved decision making con-
cerning reservoir operations, water allocation, crop
irrigation, etc.

SUMMARY AND DISCUSSION

Knowledge of forecast uncertainty stemming from
climatic and hydrological models allows for improved
forecasting and probabilistic evaluation within water
resources decision making. Properly accounting for
this uncertainty, however, remains a formidable chal-
lenge. Little consideration has been given to stream-
flow modeling methodologies that include coupling of
both multiple climate and multiple hydrological mod-
els, further increasing the pool of streamflow forecast
ensemble members and accounting for cumulative
sources of uncertainty. The framework presented
here proposes integration and offline coupling of
GCMs, multiple RCMs, and numerous hydrologic
models to improve streamflow forecasting through
generation of ensemble forecasts. For demonstration
purposes, the framework is imposed on the Jaguaribe
basin in northeastern Brazil for a hindcast of 1974-
1996 monthly streamflow. The ECHAM4.5 and
NCEP ⁄ MRF9 GCMs are integrated with regional
models, including dynamical and statistical models,
and water balance models, specifically the SMAP and

TABLE 3. Skill Scores of Multi-Model Streamflow
Hindcast Ensembles for 1974-1996.

Coupled Model
Correlation
Coefficient

Root Mean
Squared Error

RPSSMedian Total

Pooled 0.90 90 - 0.21
Linear regression
weighting

0.91 92 1,008 0.35

Kernel density
estimator

0.92 90 962 0.55

Notes: RPSS, rank probability skill score. Pearson correlation coef-
ficients use ensemble medians.

TABLE 2. Skill Scores of Hydrological Model Streamflow
Hindcast Ensembles Over 1974-1996.

Coupled Model
Correlation
Coefficient

Root Mean
Squared

Error

RPSSMedian Total

SMAP – Dynamical 0.88 100 1,707 0.42
ABCD – Dynamical 0.84 106 1,863 0.42
SMAP – Statistical ECHAM 0.90 81 962 )0.04
ABCD – Statistical ECHAM 0.88 88 1,069 )0.10
SMAP – Statistical NCEP 0.84 105 1,489 0.55
ABCD – Statistical NCEP 0.79 108 1,530 0.53

Notes: RPSS, rank probability skill score. Pearson correlation coef-
ficients use ensemble medians. Dynamical and statistical method-
ologies refer to precipitation downscaling technique.
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v  Kernel	
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  es4mator	
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  to	
  single	
  model	
  ensemble	
  results	
  
v  Errors	
  and	
  categorical	
  skill	
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  (RPSS)	
  as	
  good	
  or	
  be`er	
  than	
  single	
  models	
  

again as good or better. Total root mean squared
error for pooling was omitted, as it comprises 60
ensemble members, while the other techniques only
10. Optimal least squares linear regression model
weights were quite similar across models, with the
ECHAM4.5-statistical downscaling coupled models
receiving the highest proportion. The kernel density
estimator technique, however, placed most weight on
the three SMAP coupled models, with the two statis-
tical downscaling methods being highest (dynamical
contributes approximately 28%, the ECHAM statisti-
cal 36%, and the NCEP statistical 35%). Very little
weight is reserved for the ABCD coupled models
under this methodology (approximately 1%), adding
minimal additional information for this region. The
kernel density estimator slightly outperforms the
ECHAM4.5-statistical downscaling-SMAP single
model when evaluating across all skill score metrics,
generally reflecting an improvement in streamflow
estimation for most years. Greater separation
between these two (e.g., even stronger performance of
the kernel model over the single model) is observed
when 1974 (wettest year in hindcast) is omitted, and
would also be expected as the time-series length is

increased (more than 23 years). As the skill scores
are already remarkably high for this region, it is
exceptionally difficult to improve substantially over a
single model hindcast. More distinct differences
between single and multi-model approaches may be
expected for regions of moderate to low skill. Fig-
ure 11 portrays median seasonal streamflow from the
six hydrological model ensembles and the kernel den-
sity estimator multi-model combination, and the
observations. Clearly the kernel combination does not
produce the best estimate for any given year, but out-
performs any single hydrological model approach over
the hindcast period.

Streamflow forecast ensembles may also be used to
construct probability density functions (PDFs), benefi-
cial for risk-based decision making within the basin.
As a demonstration, Figure 12 illustrates PDFs of sea-
sonal streamflow from the pooling combination tech-
nique and from the observed record (climatology) for
1991, a dry year. Actual 1991 streamflow is included as
a dotted vertical line. The PDFs are estimated using a
nonparametric kernel density estimator (Bowman and
Azzalini, 1997). The pooled ensemble hindcast PDF is
clearly shifted left of the climatological PDF, indicative
of relatively less streamflow, more closely matching
observed conditions. This type of information is useful
for risk assessment and improved decision making con-
cerning reservoir operations, water allocation, crop
irrigation, etc.

SUMMARY AND DISCUSSION

Knowledge of forecast uncertainty stemming from
climatic and hydrological models allows for improved
forecasting and probabilistic evaluation within water
resources decision making. Properly accounting for
this uncertainty, however, remains a formidable chal-
lenge. Little consideration has been given to stream-
flow modeling methodologies that include coupling of
both multiple climate and multiple hydrological mod-
els, further increasing the pool of streamflow forecast
ensemble members and accounting for cumulative
sources of uncertainty. The framework presented
here proposes integration and offline coupling of
GCMs, multiple RCMs, and numerous hydrologic
models to improve streamflow forecasting through
generation of ensemble forecasts. For demonstration
purposes, the framework is imposed on the Jaguaribe
basin in northeastern Brazil for a hindcast of 1974-
1996 monthly streamflow. The ECHAM4.5 and
NCEP ⁄ MRF9 GCMs are integrated with regional
models, including dynamical and statistical models,
and water balance models, specifically the SMAP and

TABLE 3. Skill Scores of Multi-Model Streamflow
Hindcast Ensembles for 1974-1996.

Coupled Model
Correlation
Coefficient

Root Mean
Squared Error

RPSSMedian Total

Pooled 0.90 90 - 0.21
Linear regression
weighting

0.91 92 1,008 0.35

Kernel density
estimator

0.92 90 962 0.55

Notes: RPSS, rank probability skill score. Pearson correlation coef-
ficients use ensemble medians.

TABLE 2. Skill Scores of Hydrological Model Streamflow
Hindcast Ensembles Over 1974-1996.

Coupled Model
Correlation
Coefficient

Root Mean
Squared

Error

RPSSMedian Total

SMAP – Dynamical 0.88 100 1,707 0.42
ABCD – Dynamical 0.84 106 1,863 0.42
SMAP – Statistical ECHAM 0.90 81 962 )0.04
ABCD – Statistical ECHAM 0.88 88 1,069 )0.10
SMAP – Statistical NCEP 0.84 105 1,489 0.55
ABCD – Statistical NCEP 0.79 108 1,530 0.53

Notes: RPSS, rank probability skill score. Pearson correlation coef-
ficients use ensemble medians. Dynamical and statistical method-
ologies refer to precipitation downscaling technique.
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Median	
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  streamflow	
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  with	
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  es<mator	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

Kernel	
   combina4on	
   does	
  not	
  produce	
   the	
  best	
   es[mate	
   for	
   any	
   given	
   year,	
   but	
  
out-­‐	
  performs	
  any	
  single	
  hydrological	
  model	
  approach	
  over	
  the	
  hindcast	
  period	
  

ABCD. Precipitation hindcasts from the GCMs are
downscaled via the regional models and fed into the
hydrological models, producing streamflow estima-
tions. Multi-model ensemble combination techniques
include pooling, linear regression weighting, and a
kernel density estimator.

The kernel density estimator multi-model ensem-
ble demonstrates superior skill considering numerous
metrics in comparison with any single hydrological
model approach (formulated from multi-climate

models). This improvement would only be expected
to increase as the hindcast or forecast is lengthened
(more than 23 years). It is anticipated that the
coupled ABCD models, currently contributing little
information, would also potentially receive greater
weights under longer time-series. Their lack of
weight for this case may be partially attributable to
possible stability issues with kernel estimators at
high dimensions, and requires further investigation.
The respectable performance of the simple pooling
combination approach is also noteworthy, but not
unexpected, given the relatively short hindcast per-
iod. The Jaguaribe basin clearly demonstrates high
predictive skill, dampening potential improvements of
multi-model approaches over single model forecasts.
More distinct differences between single and multi-
model approaches may be expected for regions of
moderate to low skill.

The overall performance of the framework on the
Jaguaribe basin appears robust in comparison with
similar basin studies. It demonstrates an improvement
over the Souza Filho and Porto (2003) ECHAM4.5-
RSM-SMAP coupled model in terms of skill and
uncertainty accounting. Souza Filho and Lall (2003)
construct a semiparametric streamflow forecast model
conditioned on an ENSO index and sea-surface tem-
peratures, issuing forecasts for the January to May
rainy season the prior July. The proposed framework
produces similar skill, but differs by conducting a hind-
cast with observed SSTs, issuing concurrent monthly
forecasts. Although the framework proposed here is
considerably more complex and multifaceted than the

FIGURE 11. Streamflow Hindcast Time-Series (1974-1996) With Median Seasonal Streamflow From the Six Hydrological
Model Ensembles, From the Kernel Density Estimator Multi-Model Combination, and Observations.

FIGURE 12. Climatological (solid) and Pooled Ensemble Hindcast
(dashed) PDFs for Total January to June, 1991, Streamflow.

Observed streamflow shown as dotted vertical line.
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ABCD. Precipitation hindcasts from the GCMs are
downscaled via the regional models and fed into the
hydrological models, producing streamflow estima-
tions. Multi-model ensemble combination techniques
include pooling, linear regression weighting, and a
kernel density estimator.

The kernel density estimator multi-model ensem-
ble demonstrates superior skill considering numerous
metrics in comparison with any single hydrological
model approach (formulated from multi-climate

models). This improvement would only be expected
to increase as the hindcast or forecast is lengthened
(more than 23 years). It is anticipated that the
coupled ABCD models, currently contributing little
information, would also potentially receive greater
weights under longer time-series. Their lack of
weight for this case may be partially attributable to
possible stability issues with kernel estimators at
high dimensions, and requires further investigation.
The respectable performance of the simple pooling
combination approach is also noteworthy, but not
unexpected, given the relatively short hindcast per-
iod. The Jaguaribe basin clearly demonstrates high
predictive skill, dampening potential improvements of
multi-model approaches over single model forecasts.
More distinct differences between single and multi-
model approaches may be expected for regions of
moderate to low skill.

The overall performance of the framework on the
Jaguaribe basin appears robust in comparison with
similar basin studies. It demonstrates an improvement
over the Souza Filho and Porto (2003) ECHAM4.5-
RSM-SMAP coupled model in terms of skill and
uncertainty accounting. Souza Filho and Lall (2003)
construct a semiparametric streamflow forecast model
conditioned on an ENSO index and sea-surface tem-
peratures, issuing forecasts for the January to May
rainy season the prior July. The proposed framework
produces similar skill, but differs by conducting a hind-
cast with observed SSTs, issuing concurrent monthly
forecasts. Although the framework proposed here is
considerably more complex and multifaceted than the

FIGURE 11. Streamflow Hindcast Time-Series (1974-1996) With Median Seasonal Streamflow From the Six Hydrological
Model Ensembles, From the Kernel Density Estimator Multi-Model Combination, and Observations.

FIGURE 12. Climatological (solid) and Pooled Ensemble Hindcast
(dashed) PDFs for Total January to June, 1991, Streamflow.

Observed streamflow shown as dotted vertical line.
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3.1.	
  MOTIVATION	
  

v  The	
   state	
   of	
   Ceará,	
   situated	
   in	
   semi-­‐arid	
   northeast	
  
Brazil,	
   occupies	
   an	
   area	
   of	
  146	
   348	
   km2	
  where	
   crop	
  
produc[on	
  is	
  highly	
  vulnerable	
  to	
  climate	
  variability	
  

(Chimeli	
  et	
  al,	
  2002)	
  
	
  
v  Previous	
   studies	
   indicated	
   that	
   the	
   corn	
   yields	
   in	
  

Ceará	
  are	
  highly	
  correlated	
  with	
  ENSO	
  and	
  suggested	
  
that	
  ENSO	
  can	
  be	
  used	
  to	
  predict	
  corn	
  yields	
  

(Rao	
  et	
  al,	
  1997)	
  

v  However,	
  yield	
  predic4ons	
  showed	
  large	
  biases	
  when	
  
compared	
  with	
  observa[ons	
  

	
  

=>	
  Need	
  to	
  find	
  a	
  be`er	
  index	
  to	
  represent	
  climate	
  
influence	
  on	
  corn	
  yields	
  

	
  
v  Corn	
  is	
  the	
  pre-­‐dominant	
  rain-­‐fed	
  crop,	
  it	
  is	
  planted	
  in	
  

January	
  or	
  early	
  February,	
  and	
  it	
  takes	
  90-­‐120	
  days	
  to	
  
reach	
  maturity	
  

	
  

=>	
  same	
  FMAM	
  growing	
  season	
  used	
  every	
  year	
  
instability, being responsible for the presence of most
rainy systems. Abnormal latitudinal migrations of the
ITCZ are associated with an excess (southward) or a
deficit (northward) of rainfall in the region (Hastenrath
and Heller 1977). Previous investigations have firmly
established that sea surface temperature (SST)
anomaly forcing is the primary factor responsible for
the interannual variability of rainfall in northeast Brazil
(Harzallah et al. 1996; Mechoso et al. 1990; Moron et al.
1998; Moura and Shukla 1981; Nobre and Shukla 1996;
Pezzi and Cavalcanti 2001; Ropelewski and Halpert
1996; Roucou et al. 1996; Sun et al. 2005, 2006; Uvo et
al. 1998; Ward and Folland 1991). Positive (negative)
rainfall anomalies in northeast Brazil are usually ob-
served when the Atlantic SSTs are colder (warmer)
than normal north of the equator and warmer (colder)
than normal south of the equator. Droughts also tend to
coincide with the warm phase of El Niño–Southern Os-
cillation (ENSO) episodes.

Large interannual fluctuations and strong spatial
variations of rainfall in Ceará are observed. Localized
climate information is required for farm management.
The current atmospheric general circulation models

(AGCMs) forced by observed SSTs simulate well the
large-scale circulation in northeast South America
(Moron et al. 1998; Sperber and Palmer 1996). How-
ever, they are unable to resolve the local rainfall pat-
terns in northeast Brazil because of the coarse resolu-
tion (Nobre et al. 2001; Sun et al. 2005). Rainfall vari-
ability at the sub-AGCM scales is substantial in Ceará
and, indeed, throughout northeast Brazil (Sun et al.
2005). High-resolution limited-area models nested
within AGCMs can provide spatial details of rainfall
patterns. Climate simulations with regional models
over South America indicated that monthly or seasonal
mean precipitation was improved in the regional mod-
els (Misra et al. 2003; Nobre et al. 2001; Seth and Rojas
2003; Sun et al. 2005). Sun et al. (2005) further indicated
that the regional model has good skill in producing
daily rainfall statistics, such as dry and wet spells.
Downscaled seasonal climate forecasts for northeast
Brazil have been issued since December of 2001, using
a dynamical downscaling prediction system. Evaluation
for the 2002–04 period indicates that there has been
positive skill in these forecasts over most of northeast
Brazil (Sun et al. 2006).

Before embarking on the development of a climate–
crop forecast system, the physical basis for predictabil-
ity needs to be established. There should be a proven
relationship between climate variations and crop yields.
Previous studies indicated that the corn yields in Ceará
are highly correlated with indices of ENSO (e.g., Niño-
3.4 SST anomaly) and suggested that an ENSO index
can be used to predict corn yields in Ceará (e.g., Rao et
al. 1997). However, the yield predictions showed rela-
tively large biases when compared with observations
(Rao et al. 1997). There is a need to find a better cli-
mate index to represent climate influence on corn
yields. The principal purpose of this paper is to inves-
tigate the connection between climate variations and
corn yields in Ceará and to examine the potential pre-
dictability of corn yields in Ceará, drawing on informa-
tion contained in seasonal climate forecasts. The data
and the evaluation methods used in this study are de-
scribed in sections 2 and 3, respectively. Relationships
between climate variations and corn yields are exam-
ined, and corn yields are estimated using observed cli-
mate data in section 4. Section 5 then explores the ex-
tent to which year-to-year changes in SST drive local
climate characteristics that lead to year-to-year changes
in corn yields. This is examined by dynamically down-
scaling the output from an AGCM that was driven with
the observed SSTs in each season of 1971–2000. The
weather index is calculated from the weather output of
the dynamical downscaling runs, and then these
weather index values are used in a regression to specify

FIG. 1. Network of rainfall stations in the Sertão Central region
of Ceará. Station locations are marked by small dots.
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3.2.	
  DATA	
  &	
  METHODOLOGY	
  

	
  
v  Corn	
   data	
  aggregated	
   at	
   state	
   level	
   for	
   the	
  

1952-­‐2001	
  period	
  obtained	
  from	
  IPLANCE	
  (a)	
  
	
  
v  The	
  trends	
  in	
  corn	
  yields	
  that	
  are	
  believed	
  to	
  

be	
  unrelated	
  to	
  climate	
  effects	
  are	
  removed	
  
	
  
⇒  Low-­‐pass	
   spectral	
   smoothing	
   filter	
   applied	
  

to	
  the	
  raw	
  yield	
  data	
  to	
  separate	
  higher-­‐	
  and	
  
lower-­‐frequency	
  trends	
   	
  	
  	
  	
  (Press	
  et	
  al,	
  1989)	
  

	
  
N.B.:	
  the	
  10-­‐yr	
  smoothing	
  chosen	
  is	
  subjec<ve	
  
	
  
	
  
v  Detrended	
   yields	
   display	
   large	
   interannual	
  

variability	
  (b)	
  

v  Subsequent	
   analyses	
   are	
   done	
   on	
   the	
  
normalized	
  detrended	
  yield	
  data	
  

corn yields. Summaries of the findings are given in sec-
tion 6.

2. Data

a. Corn

Among the crops that farmers produce, corn is likely
to be the most important to their consumption and in-
come. Despite yields being relatively low relative to
other places in the world, corn accounts for about 50%
of agriculture production in the state [Fundação Insti-
tuto de Pesquisa e Informação do Ceará (IPLANCE)],
which in turn accounts for around 40% of total employ-
ment (Chimeli et al. 2002). Corn production serves as a
barometer for the economic consequences of climate
variability in Ceará and for public spending on the al-
leviation of these consequences. The corn data in Ceará
are aggregated at the state level. Historical corn pro-
ductions and areas planted for the period of 1952–2001
in Ceará are obtained from IPLANCE. We are unable
to locate data on the acres harvested. In this study, the
mean yields are calculated from the total productions
and the areas planted. A potential problem with this
approach is that not all planted area may be harvested
in a given year, thus distorting the relationship between
climate and the crop-yield data. However, results using
data for total corn production (not shown) were found
to be very similar to the results reported in this paper;
therefore, this issue is not considered to be a substantial
one in the context of the aims of this paper.

Many nonclimatic factors influence corn yields, in-
cluding institutional and technological changes. No-
table examples are the decrease of the federal budget
for farmer assistance programs following the oil crises
in the early 1970s and early 1980s and the crisis of the
1980s generated by the payment of the services of the
Brazilian foreign debt, the hybrid corn types introduced
in the late 1980s in Brazil, and a seed distribution plan
(“Hora de Plantar”) introduced in 1987 by the Ceará
government (A. B. Chimeli, Ohio University, 2004, per-
sonal communication). Hora de Plantar uses the cli-
mate information to decide the timing of the distribu-
tion of seeds to small rain-fed farms. Many nonclimatic
factors prevailed in different periods in our dataset,
which resulted in potentially nonlinear trends for the
corn yields.

It can be considered useful in the context of this
study to remove the trends in corn yields that are be-
lieved to be unrelated to climate effects. This requires
us to separate the corn-yield series into a trend that
reflects changes due to nonclimatic factors and anoma-
lies about the trend due in part to climate variations.
There is no theoretical basis for selecting one functional

form over another. We applied a low-pass spectral
smoothing filter to the raw yield data to separate
higher-frequency variations and lower-frequency
trends (Press et al. 1989). The trends were obtained
using Fourier analysis. We applied a Fourier transfor-
mation to the yield data series, removed variations
above a specified frequency, and then applied the in-
verse Fourier transformation to obtain the trends. The
choice of smoothing period is subjective. We tested
smoothing periods ranging from 5 to 20 yr and corre-
lated the yield trends with the observed seasonal mean
rainfall for the period of 1952–2001. The minimum cor-
relation coefficient of 0.04 was obtained with a 10-yr
smoothing period. Thus, we used the 10-yr smoothing
period to calculate the trends. Figure 2a presents the
nonlinear trends fitted to the time series of the yield
data. We suspected that the lower values of the trends
in the early 1980s may be related to the significant de-
crease of the federal budget for farmer assistance pro-
grams in the early 1980s. The trends were subtracted
from the total yields to obtain the detrended yield data
(i.e., yield anomalies). Fluctuations in the detrended
yield data are illustrated in Fig. 2b. Large interannual
variability is observed. The average detrended data-to-
trend ratio is 26%. The detrended data were further
normalized by the standard deviation. Subsequent
analyses were done on the normalized detrended yield
data.

Corn is usually planted in January or early February
following the first rain of the rainy season, and it takes

FIG. 2. Time series of corn yields (kg ha!1) for the Sertão Cen-
tral region of Ceará: (a) raw (dashed line) and smoothed (solid
line) yields and (b) detrended yields.
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90–120 days for corn to reach maturity. Corn yields are
susceptible to moisture stress during certain stages of
growth. In the ideal situation, we should analyze the
weather data within those stages of growth. However,
the average planting dates are not available for this
study. At seasonal lead times, there is no usable skill in
forecasting on which day a locality will have rainfall.
There is good skill in predicting the seasonal mean rain-
fall and the within-season weather statistics (Sun et al.
2005, 2006). In this study, we used the same growing
season every year: February, March, April, and May
(FMAM) for corn. The mean values of SST indices,
rainfall, and weather statistics for the corn-growing sea-
son were used in the analyses.

b. SSTs

The observed seasonal SST data were from the Na-
tional Oceanic and Atmospheric Administration
(NOAA) Climate Prediction Center. Two SST indices,
the Niño-3.4 SST anomaly and the tropical Atlantic
SST anomaly dipole, were used in this study. The Niño-
3.4 SST anomalies represented the SST anomalies av-
eraged over the area of 5°S–5°N and 170°–120°W, and
the tropical Atlantic dipole represented the SST
anomaly difference between the area encompassing 5°–
20°N and 60°–30°W and the area encompassing 0°–20°S
and 30°W–10°E.

c. Observed rainfall

Because corn yields were aggregated at the state
level and the state of Ceará is not a rainfall-homog-
eneous region, we need to choose a rainfall-homog-
eneous region in which the rain-fed corn can be treated
as an indicator for the state. Small-scale rain-fed agri-
culture prevails in the Sertão Central region of Ceará.
Corn production in this region serves as a barometer
for drought impact in Ceará. An observational network
with high station density for rainfall is available in this
region (Fig. 1). The station distribution in Fig. 1 indi-
cated the Sertão Central region. Station Cococi (6.41°S,
40.5°W) has a long record of observations. Daily rain-
fall correlations between station Cococi and all other
stations were calculated, and the correlation coeffi-
cients were above the 90% significance level except for
three stations. Thus, the Sertão Central region can be
treated as a homogeneous region for daily rainfall, and
the rainfall data in this region are used in our analysis.
Only the stations with completed daily records in the
growing season for corn are used to calculate seasonal
mean rainfall and daily rainfall statistics. The number
of stations with completed daily records varies from
year to year: around 50 stations in the 1950s, around 80

stations from the early 1960s to early 1980s, and around
30 stations in the 1990s. Available observations exhibit
a sharp increase from 1961 to 1962 and a gradual de-
crease in the 1980s. Fluctuations of the FMAM rainfall
are illustrated in Fig. 3. Large interannual variations of
seasonal mean rainfall are evident over the Sertão Cen-
tral region.

d. Rainfall hindcasts

A global model and a regional model were used to
generate the rainfall hindcasts. The “ECHAM4.5”
AGCM was developed at the Max Plank Institute of
Meteorology in Germany. This AGCM was configured
at triangular 42 (T42) spectral truncation, giving a spa-
tial resolution of about 2.8° in latitude and longitude,
with 19 vertical layers extending from the surface to 10
hPa. The mass flux scheme of Tiedtke (1989) for deep,
shallow, and midlevel convections is used with the
modified closure schemes for penetrative convection
and the formation of organized entrainment and de-
trainment (Nordeng 1995). The model includes prog-
nostic clouds and prognostic cloud water and uses the
radiation scheme of Eickerling (1989). The land surface
parameterizations include a snow cover model, a catch-
ment-based soil moisture/runoff treatment, and vegeta-
tive effects. Gravity-wave drag associated with oro-
graphic gravity waves is simulated after Miller et al.
(1989). Description of the numerics and the physical
parameterizations are available from Roeckner et al.
(1996).

The Regional Spectral Model (RSM), version 97, was
developed at the National Centers for Environmental
Prediction (NCEP) (Juang and Kanamitsu 1994; Juang
et al. 1997). The RSM uses terrain-following sigma co-
ordinates in the vertical direction with 19 layers. A sim-
plified Arakawa–Schubert scheme is used for deep con-
vection (Pan and Wu 1995). Shallow convection follow-
ing Tiedtke (1984) is invoked only in the absence of
deep convection. The solar and terrestrial radiation fol-

FIG. 3. Observed FMAM rainfall (mm day!1) over the Sertão
Central region of Ceará.
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v  SSTs:	
  	
  -­‐	
  observed	
  seasonal	
  SSTs	
  from	
  NOAA/CPC	
  
	
   	
  -­‐	
  Niño-­‐3.4	
  SST	
  anomaly	
  ([5°S–5°N;170°–120°W])	
  
	
   	
  -­‐	
  Tropical	
  Atlan[c	
  SST	
  anomaly	
  dipole	
  ([5°–20°N;60°–30°W]/[0°–20°S;30°W–10°E])	
  

	
  

Observed	
  Feb-­‐May	
  (FMAM)	
  rainfall	
  over	
  the	
  Sertão	
  
Central	
  region	
  of	
  Ceara	
  

SSTs	
  &	
  Rainfall	
  
	
  

v  Observed	
  rainfall:	
  	
  -­‐observed	
  seasonally	
  from	
  dense	
  network	
  over	
  Sertão	
  Central	
  region	
  
	
   	
   	
   	
  	
  	
  	
  	
  	
  	
  -­‐correla[on	
  analysis	
  shows	
  that	
  the	
  Sertão	
  Central	
  region	
  can	
  be	
  	
  
	
   	
   	
   	
   	
  treated	
  as	
  a	
  homogeneous	
  region	
  for	
  daily	
  rainfall	
  

The	
  number	
   of	
   sta4ons	
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   complete	
  
daily	
  records	
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  to	
  calculate	
  seasonal	
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  and	
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  from	
  50	
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  in	
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A	
  global	
  with	
  a	
  nested	
  regional	
  model	
  are	
  used	
  to	
  generate	
  rainfall	
  hindcasts	
  
	
  
v  Global	
  model:	
  ECHAM4.5	
  at	
  T42	
  spa[al	
  resolu[on	
  (#2.8deg	
  x	
  2.8deg)	
  

(Roeckner	
  et	
  al,	
  1996)	
  

v  Regional	
  model:	
  NCEP	
  Regional	
  Spectral	
  Model	
  (RSM)	
  at	
  60km	
  spa[al	
  resolu[on	
  
(Juang	
  and	
  Kanamitsu,	
  1994;	
  Juang	
  et	
  al,	
  1997)	
  

	
  
The	
  RSM	
  domain	
  encompasses	
  Brazil	
  and	
  the	
  en[re	
  tropical	
  Atlan[c	
  

	
  
	
  
v  Experimental	
  design:	
  -­‐10	
  ECHAM4.5	
  members	
  forced	
  by	
  observed	
  SSTs	
  over	
  1971-­‐2000	
  

	
   	
   	
   	
   	
  	
  	
  -­‐Related	
  RSM	
  members	
  generated	
  from	
  6hourly	
  ECHAM4.5	
  	
  
	
   	
   	
   	
   	
   	
  output	
  for	
  the	
  January-­‐May	
  period	
  (1971-­‐2000)	
  

	
  
	
  
N.B.:	
  January	
  is	
  used	
  as	
  spin-­‐up	
  for	
  RSM	
  runs	
  and	
  is	
  discarded	
  in	
  the	
  following	
  analyses	
  

Rainfall	
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v  Linear	
  correla4ons:	
  to	
  examine	
  rela[onships	
  between	
  climate	
  &	
  corn	
  yields	
  
	
  
v  Linear	
  regressions:	
  to	
  simulate	
  corn	
  wields	
  from	
  climate	
  variables	
  

v  Goodness-­‐of-­‐fit:	
  3	
  measures	
  used	
  to	
  evaluate	
  corn	
  yields	
  simula[ons,	
  
-  Coefficient	
   of	
   determina<on	
   r2	
   (square	
   of	
   correla<on	
   coefficient):	
   describes	
   the	
  

propor[on	
  of	
  the	
  total	
  variance	
  of	
  the	
  observed	
  corn	
  yields	
  explained	
  by	
  the	
  climate	
  
variables.	
  One	
  limita[on	
  is	
  that	
  its	
  values	
  are	
  highly	
  sensi[ve	
  to	
  outliers	
  	
  

(Legates	
  and	
  McCabe,	
  1999)	
  
	
  

-  Index	
   of	
   agreement	
   d:	
   measures	
   the	
   degree	
   to	
   which	
   the	
   observed	
   data	
   are	
  
approached	
  by	
  the	
  predicted	
  data,	
  and	
  overcomes	
  the	
  insensi[vity	
  of	
  r2	
  to	
  differences	
  
in	
  the	
  observed	
  and	
  predicted	
  means	
  and	
  variances	
  

-  Mean	
  Absolute	
  Error	
  (MAE):	
  represents	
  the	
  overall	
  error	
  and	
  is	
  less	
  sensi[ve	
  than	
  RMSE	
  
to	
  errors	
  in	
  large	
  predicted	
  departures	
  from	
  the	
  mean	
  	
  
	
  =>	
  considered	
  a	
  more	
  robust	
  measure	
  of	
  accuracy	
   	
   	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  (Hansen	
  et	
  al,	
  2004)	
  

	
  
v  Variance	
  ra4o:	
  to	
  es[mate	
  poten4al	
  predictability	
  of	
  rainfall	
  generated	
  by	
  the	
  nested	
  RSM.	
  

It	
  represents	
  the	
  propor4on	
  of	
  the	
  total	
  variance	
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  be	
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  by	
  SST	
  forcing	
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3.3.	
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Rela4onships	
  between	
  climate	
  variables	
  &	
  corn	
  yields	
  

	
  
v  Hypotheses:	
  
①  Climate	
  variables	
  averaged	
  over	
  the	
  whole	
  growing	
  

period	
  are	
  used	
  due	
  to	
  limited	
  climate	
  predictability	
  
②  Rainfall	
   is	
   the	
   main	
   limi[ng	
   resource	
   for	
   crop	
  

growth	
  in	
  semiarid	
  tropical	
  regions	
  	
  
(Barron	
  et	
  al,	
  2003;	
  Hansen	
  and	
  Indeje,	
  2004)	
  

v  Corn	
   yields	
   significantly	
   correlated	
   to	
   Nino3.4	
   (a)	
  
and	
  tropical	
  Atlan4c	
  dipole	
  (b)	
  

	
  
v  Corn	
  yields	
  generally	
  associated	
  with	
  the	
  seasonal	
  

mean	
  rainfall	
  anomalies	
  (c)	
  

v  Corn	
  water	
  stress	
  due	
  to	
  a	
  soil	
  water	
  deficit	
  is	
  o�en	
  
associated	
  with	
  dry	
  spells	
  longer	
  than	
  10	
  days	
  

⇒  Long	
  dry	
  spell	
  defini4on:	
  10	
  or	
  more	
  consecu[ve	
  
days	
  with	
  rainfall	
  <	
  	
  2mm/day)	
  

	
  
	
  	
  	
  	
  	
  	
  	
  Corn	
  yields	
  an4-­‐correlated	
  with	
  normalized	
  	
  
	
  	
  	
  	
  	
  	
  	
  anomalies	
  of	
  the	
  number	
  of	
  long	
  dry	
  spells	
  (d)	
  

FIG. 4. Scatterplots of normalized anomaly
of corn yield vs (a) normalized anomaly of
Niño-3.4 SST, (b) normalized Atlantic SST
anomaly dipole, (c) normalized anomaly of
average FMAM rainfall, (d) normalized
anomaly of dry-spell number, (e) normalized
anomaly of drought index, (f) normalized
anomaly of flooding index, and (g) normal-
ized anomaly of weather index.
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3.3.	
  CLIMATE	
  VARIABILITY	
  &	
  CORN	
  YIELDS	
  
Rela4onships	
  between	
  climate	
  variables	
  &	
  corn	
  yields	
  

v  Both	
  frequency	
  and	
  dura[on	
  of	
  dry	
  spells	
  can	
  affect	
  corn	
  yields	
  
⇒  use	
  of	
  a	
  drought	
  index	
  to	
  measure	
  the	
  severity	
  of	
  drought	
  condi[ons:	
  

	
  
v  Dry	
  spell	
  defini4on:	
  3	
  or	
  more	
  consecu[ve	
  days	
  with	
  rainfall	
  <	
  	
  2mm/day	
  
	
  
	
  
v  Corn	
  yields	
  are	
  correlated	
  with	
  normalized	
  anomalies	
  of	
  drought	
  index	
  (e)	
  

which	
  appears	
  as	
  a	
  be_er	
  parameter	
  than	
  the	
  number	
  of	
  long	
  dry	
  spells	
  (d)	
  
	
  

growth. Unfavorable conditions in early growth stages
may limit the size of the leaves (i.e., the photosynthetic
factory). In later stages, unfavorable conditions may
reduce the number of silks produced, resulting in poor
pollination of the ovules and restricting the number of
kernels that develop, or may prematurely stop growth
and restrict the size of the kernels produced (Ritchie et
al. 1993). In this study, values of climate variables av-
eraged over the whole growing period were used be-
cause of the limited climate predictability.

a. Relationship between climate variables and corn
yields

The SST anomalies over the tropical Pacific and the
Atlantic Oceans play an important role in modulating
climate conditions over Ceará (Sun et al. 2005, 2006).
The corn yields are statistically significantly correlated
with the Niño-3.4 SST anomalies and the tropical At-
lantic SST anomaly dipole (Figs. 4a,b). Positive (nega-
tive) values of the Niño-3.4 SST anomaly or the tropical
Atlantic dipole generally lead to low (high) corn yields.
The yields also exhibit large variance with a given value
of the Niño-3.4 SST anomaly or the tropical Atlantic
dipole. This result suggests that the two SST indices do
contribute to the yield variance, but the uncertainty of
the yields is also big when only the two SST indices are
used.

SSTs are the remote forcings for rainfall in the Sertão
Central region. Examination of local climate conditions
is required. Previous studies indicated that surface tem-
perature is one of the major driving climate variables
that directly affect corn yields (Hodges et al. 1987; Hu
and Buyanovsky 2003; Liu et al. 1989; Riha et al. 1996;
Runge 1968; Smith 1914). The Sertão Central region is
situated in the deep Tropics with warm temperature
and abundant solar radiation. Examination of the ob-
served surface temperature data with 0.5° resolution
from the Climate Research Unit at the University of
East Anglia (CRU05 dataset; New et al. 2000) for the
period of 1952–98 shows that the mean surface tem-
perature and diurnal temperature range in the Sertão
Central region during February–May are 25.5° and
9.3°C, respectively. The standard deviation of both sur-
face temperature and diurnal temperature range is less
than 1°C. The small interannual variations of tempera-
ture have essentially no impact on the corn yields.

Rainfall has been considered to be the main limiting
resource for crop growth in semiarid tropical regions
(Barron et al. 2003; Hansen and Indeje 2004; Magal-
hães and Glantz 1992). We found that the corn yields
are generally associated with the seasonal mean rainfall
anomalies (Fig. 4c). The correlation between them is
well above the 95% confidence level. Strong negative

rainfall anomalies often lead to low yields, and high
yields are often associated with small rainfall anoma-
lies. Extremely positive rainfall anomalies can also
cause damages to the yields.

Previous studies have demonstrated that rainfall
variations at daily time scale also affect corn yields
(Mearns et al. 1996; Monteith 1991; Riha et al. 1996).
Sometimes a 30% decrease in seasonal rainfall com-
bined with fairly good distribution can result in near-
”normal” corn yields. On the other hand, there may be
years with near-normal seasonal rainfall that is poorly
distributed that may produce much lower corn yields in
northeast Brazil (Rao et al. 1997). In the Sertão Central
region, the soil has low water capacity, and the soil can
lose most of the rainwater quickly (on the order of
days) because of the shallow soil layer (!0.5 m) and
high evapotranspiration rate. Corn water demand thus
depends highly on rainfall partitioning. Dry spells that
occasionally interrupt the rainy season usually ad-
versely affect corn yields, particularly during the polli-
nation or silking stage. The period length of a dry spell
in the Sertão Central region generally ranges between 3
and 15 days. Corn water stress due to a soil water deficit
is often associated with dry spells and, in particular,
with dry spells that are longer than 10 days. We defined
a long dry spell as 10 or more consecutive days with
daily rainfall of less than 2 mm. For instance, 12 con-
secutive days with daily rainfall of less than 2 mm is
categorized as one long dry spell, and 9 consecutive
days with daily rainfall of less than 2 mm is not a long
dry spell. Because the timing of the occurrence of dry
spells cannot be predicted at seasonal lead times, we do
not partition dry spells by growth stages. We counted
the number of long dry spells at every rainfall station.
Normalized anomalies of the number of long dry spells,
averaged over all available stations in the Sertão Cen-
tral region, are correlated with the corn yields (Fig. 4d).
Correlation of 0.47 is above the 99% significance level.
Higher (lower) long dry spell numbers usually lead to
lower (higher) corn yields, except for very low dry-spell
numbers, which lead to negative yield anomalies.

Both frequency and duration of dry spells can affect
corn yields. To assess the impact of dry spells on corn
yields more accurately, we defined a drought index to
measure the severity of drought conditions:

Dindex " #
i"1

n

LiW, $5%

where Li is the length of the ith dry spell and

W " !1 if Li ! 10

5 if Li " 10
.
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growth. Unfavorable conditions in early growth stages
may limit the size of the leaves (i.e., the photosynthetic
factory). In later stages, unfavorable conditions may
reduce the number of silks produced, resulting in poor
pollination of the ovules and restricting the number of
kernels that develop, or may prematurely stop growth
and restrict the size of the kernels produced (Ritchie et
al. 1993). In this study, values of climate variables av-
eraged over the whole growing period were used be-
cause of the limited climate predictability.

a. Relationship between climate variables and corn
yields

The SST anomalies over the tropical Pacific and the
Atlantic Oceans play an important role in modulating
climate conditions over Ceará (Sun et al. 2005, 2006).
The corn yields are statistically significantly correlated
with the Niño-3.4 SST anomalies and the tropical At-
lantic SST anomaly dipole (Figs. 4a,b). Positive (nega-
tive) values of the Niño-3.4 SST anomaly or the tropical
Atlantic dipole generally lead to low (high) corn yields.
The yields also exhibit large variance with a given value
of the Niño-3.4 SST anomaly or the tropical Atlantic
dipole. This result suggests that the two SST indices do
contribute to the yield variance, but the uncertainty of
the yields is also big when only the two SST indices are
used.

SSTs are the remote forcings for rainfall in the Sertão
Central region. Examination of local climate conditions
is required. Previous studies indicated that surface tem-
perature is one of the major driving climate variables
that directly affect corn yields (Hodges et al. 1987; Hu
and Buyanovsky 2003; Liu et al. 1989; Riha et al. 1996;
Runge 1968; Smith 1914). The Sertão Central region is
situated in the deep Tropics with warm temperature
and abundant solar radiation. Examination of the ob-
served surface temperature data with 0.5° resolution
from the Climate Research Unit at the University of
East Anglia (CRU05 dataset; New et al. 2000) for the
period of 1952–98 shows that the mean surface tem-
perature and diurnal temperature range in the Sertão
Central region during February–May are 25.5° and
9.3°C, respectively. The standard deviation of both sur-
face temperature and diurnal temperature range is less
than 1°C. The small interannual variations of tempera-
ture have essentially no impact on the corn yields.

Rainfall has been considered to be the main limiting
resource for crop growth in semiarid tropical regions
(Barron et al. 2003; Hansen and Indeje 2004; Magal-
hães and Glantz 1992). We found that the corn yields
are generally associated with the seasonal mean rainfall
anomalies (Fig. 4c). The correlation between them is
well above the 95% confidence level. Strong negative

rainfall anomalies often lead to low yields, and high
yields are often associated with small rainfall anoma-
lies. Extremely positive rainfall anomalies can also
cause damages to the yields.

Previous studies have demonstrated that rainfall
variations at daily time scale also affect corn yields
(Mearns et al. 1996; Monteith 1991; Riha et al. 1996).
Sometimes a 30% decrease in seasonal rainfall com-
bined with fairly good distribution can result in near-
”normal” corn yields. On the other hand, there may be
years with near-normal seasonal rainfall that is poorly
distributed that may produce much lower corn yields in
northeast Brazil (Rao et al. 1997). In the Sertão Central
region, the soil has low water capacity, and the soil can
lose most of the rainwater quickly (on the order of
days) because of the shallow soil layer (!0.5 m) and
high evapotranspiration rate. Corn water demand thus
depends highly on rainfall partitioning. Dry spells that
occasionally interrupt the rainy season usually ad-
versely affect corn yields, particularly during the polli-
nation or silking stage. The period length of a dry spell
in the Sertão Central region generally ranges between 3
and 15 days. Corn water stress due to a soil water deficit
is often associated with dry spells and, in particular,
with dry spells that are longer than 10 days. We defined
a long dry spell as 10 or more consecutive days with
daily rainfall of less than 2 mm. For instance, 12 con-
secutive days with daily rainfall of less than 2 mm is
categorized as one long dry spell, and 9 consecutive
days with daily rainfall of less than 2 mm is not a long
dry spell. Because the timing of the occurrence of dry
spells cannot be predicted at seasonal lead times, we do
not partition dry spells by growth stages. We counted
the number of long dry spells at every rainfall station.
Normalized anomalies of the number of long dry spells,
averaged over all available stations in the Sertão Cen-
tral region, are correlated with the corn yields (Fig. 4d).
Correlation of 0.47 is above the 99% significance level.
Higher (lower) long dry spell numbers usually lead to
lower (higher) corn yields, except for very low dry-spell
numbers, which lead to negative yield anomalies.

Both frequency and duration of dry spells can affect
corn yields. To assess the impact of dry spells on corn
yields more accurately, we defined a drought index to
measure the severity of drought conditions:

Dindex " #
i"1

n

LiW, $5%

where Li is the length of the ith dry spell and

W " !1 if Li ! 10

5 if Li " 10
.
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FIG. 4. Scatterplots of normalized anomaly
of corn yield vs (a) normalized anomaly of
Niño-3.4 SST, (b) normalized Atlantic SST
anomaly dipole, (c) normalized anomaly of
average FMAM rainfall, (d) normalized
anomaly of dry-spell number, (e) normalized
anomaly of drought index, (f) normalized
anomaly of flooding index, and (g) normal-
ized anomaly of weather index.
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FIG. 4. Scatterplots of normalized anomaly
of corn yield vs (a) normalized anomaly of
Niño-3.4 SST, (b) normalized Atlantic SST
anomaly dipole, (c) normalized anomaly of
average FMAM rainfall, (d) normalized
anomaly of dry-spell number, (e) normalized
anomaly of drought index, (f) normalized
anomaly of flooding index, and (g) normal-
ized anomaly of weather index.
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A dry spell is defined as three or more consecutive days
with daily rainfall of less than 2 mm. The weight W is a
function of the length of dry spells. Calibration has
been done to obtain the optimum values of the weight.
A strong W is given to dry spells that are longer than 10
days because of the severe damage to corn yields in this
region.

We calculated the observed drought index at every
rainfall station. Normalized anomalies of drought index
averaged over all stations in Sertão Central region are
correlated with the corn yields (Fig. 4e). The correla-
tion coefficient that is higher than that with long dry-
spell numbers indicated that drought index is a better
parameter than the number of long dry spells to repre-
sent the climate impacts on corn yields. However, ex-
tremely low values of drought index are still associated
with lower yields instead of higher yields. We found
that very low drought index is usually associated with
excessive rainfall. As shown in Fig. 4c, large positive
rainfall anomalies adversely affect the yield.

Long wet spells can also reduce the corn yields in the
Sertão Central region. Because of the shallow soil layer,
flooding conditions associated with wet spells often
wash away corn plants, resulting in low plant density.
To assess the impact of wet spells on corn yield, we
defined a flooding index to measure the severity of
flooding conditions:

Findex ! "
i!1

n

LiW, #6$

where Li is the length of the ith wet spell and

W ! !1 if Li ! 10

5 if Li " 10
.

A wet spell is defined as three or more consecutive days
with daily rainfall of more than 10 mm. We found that
the weight W is not sensitive to the length of wet spells
ranging from 3 to 6 days. Wet spells longer than 6 days
are not observed in the period of 1952–2001. A strong
weight is given to wet spells lasting at least 10 days to
maintain consistency with the definition of the drought
index.

We calculated the observed corn flooding index at
every rainfall station. Normalized anomalies of flood-
ing index, averaged over all available stations in the
Sertão Central region, are correlated with the corn
yields (Fig. 4f). The flooding index is not significantly
correlated with the corn yields. This may be due to the
recurrent drought episodes and low frequency of wet-
spell occurrence in this region. The mean flooding in-
dex is 3.3. Nevertheless, we can extract some useful
information from Fig. 4f. Moderate normalized positive
anomalies (i.e., 0.0–1.0) of flooding index often lead to
higher yields, and large normalized positive anomalies
(i.e., %1.8) of flooding index can adversely affect the
yields.

To combine the impact of drought and flooding con-
ditions on the corn yields, we defined a weather index:

Windex ! "
D#index if D#index $ 0

D#index & F#index if D#index % 0 and F #index $ 1.5

D#index ' F#index if D#index % 0 and 0 % F #index % 1.5
, #7$

where D(index and F(index are normalized anomalies of
drought index and flooding index, respectively.

When D(index is positive, the weather index is equal to
D(index because a quasi-linear relationship between the
normalized anomalies of corn yields and D(index is ob-
served (Fig. 4e). When D(index is negative, both D(index

and F(index are used to calculate the value of the weather
index. There is no useful information from the flooding
index when F(index is negative. The normalized anoma-
lies of corn yields are usually positive when F(index is
positive but is less than 1.2. The normalized anomalies
of corn yields are usually negative when F(index is higher
than 1.8 (Fig. 4f). Values of F(index in the range of 1.2–1.8
are not observed for the period of 1952–2001. We as-
sume that F(index favors higher corn yields when F(index

is less than or equal to 1.5 (the average of 1.2 and 1.8),

and F(index adversely affects corn yields when F(index is
great than 1.5.

The correlation between the weather index and the
corn yield is 0.78 (Fig. 4g). A quasi-linear relationship
between the corn yield and the weather index is ob-
served: a higher (lower) value of weather index usually
leads to a lower (higher) corn yield. Relative to other
climate variables, the weather index may be a better
climate index to represent the climate impacts on corn
yields.

Examination of the relationship between the sea-
sonal mean rainfall and the weather index indicated
that 1) the weather index is closely associated with the
seasonal mean rainfall only when the weather index is
extremely high or low (i.e., the weather index is at least
one standard deviation higher or lower than the aver-
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growth. Unfavorable conditions in early growth stages
may limit the size of the leaves (i.e., the photosynthetic
factory). In later stages, unfavorable conditions may
reduce the number of silks produced, resulting in poor
pollination of the ovules and restricting the number of
kernels that develop, or may prematurely stop growth
and restrict the size of the kernels produced (Ritchie et
al. 1993). In this study, values of climate variables av-
eraged over the whole growing period were used be-
cause of the limited climate predictability.

a. Relationship between climate variables and corn
yields

The SST anomalies over the tropical Pacific and the
Atlantic Oceans play an important role in modulating
climate conditions over Ceará (Sun et al. 2005, 2006).
The corn yields are statistically significantly correlated
with the Niño-3.4 SST anomalies and the tropical At-
lantic SST anomaly dipole (Figs. 4a,b). Positive (nega-
tive) values of the Niño-3.4 SST anomaly or the tropical
Atlantic dipole generally lead to low (high) corn yields.
The yields also exhibit large variance with a given value
of the Niño-3.4 SST anomaly or the tropical Atlantic
dipole. This result suggests that the two SST indices do
contribute to the yield variance, but the uncertainty of
the yields is also big when only the two SST indices are
used.

SSTs are the remote forcings for rainfall in the Sertão
Central region. Examination of local climate conditions
is required. Previous studies indicated that surface tem-
perature is one of the major driving climate variables
that directly affect corn yields (Hodges et al. 1987; Hu
and Buyanovsky 2003; Liu et al. 1989; Riha et al. 1996;
Runge 1968; Smith 1914). The Sertão Central region is
situated in the deep Tropics with warm temperature
and abundant solar radiation. Examination of the ob-
served surface temperature data with 0.5° resolution
from the Climate Research Unit at the University of
East Anglia (CRU05 dataset; New et al. 2000) for the
period of 1952–98 shows that the mean surface tem-
perature and diurnal temperature range in the Sertão
Central region during February–May are 25.5° and
9.3°C, respectively. The standard deviation of both sur-
face temperature and diurnal temperature range is less
than 1°C. The small interannual variations of tempera-
ture have essentially no impact on the corn yields.

Rainfall has been considered to be the main limiting
resource for crop growth in semiarid tropical regions
(Barron et al. 2003; Hansen and Indeje 2004; Magal-
hães and Glantz 1992). We found that the corn yields
are generally associated with the seasonal mean rainfall
anomalies (Fig. 4c). The correlation between them is
well above the 95% confidence level. Strong negative

rainfall anomalies often lead to low yields, and high
yields are often associated with small rainfall anoma-
lies. Extremely positive rainfall anomalies can also
cause damages to the yields.

Previous studies have demonstrated that rainfall
variations at daily time scale also affect corn yields
(Mearns et al. 1996; Monteith 1991; Riha et al. 1996).
Sometimes a 30% decrease in seasonal rainfall com-
bined with fairly good distribution can result in near-
”normal” corn yields. On the other hand, there may be
years with near-normal seasonal rainfall that is poorly
distributed that may produce much lower corn yields in
northeast Brazil (Rao et al. 1997). In the Sertão Central
region, the soil has low water capacity, and the soil can
lose most of the rainwater quickly (on the order of
days) because of the shallow soil layer (!0.5 m) and
high evapotranspiration rate. Corn water demand thus
depends highly on rainfall partitioning. Dry spells that
occasionally interrupt the rainy season usually ad-
versely affect corn yields, particularly during the polli-
nation or silking stage. The period length of a dry spell
in the Sertão Central region generally ranges between 3
and 15 days. Corn water stress due to a soil water deficit
is often associated with dry spells and, in particular,
with dry spells that are longer than 10 days. We defined
a long dry spell as 10 or more consecutive days with
daily rainfall of less than 2 mm. For instance, 12 con-
secutive days with daily rainfall of less than 2 mm is
categorized as one long dry spell, and 9 consecutive
days with daily rainfall of less than 2 mm is not a long
dry spell. Because the timing of the occurrence of dry
spells cannot be predicted at seasonal lead times, we do
not partition dry spells by growth stages. We counted
the number of long dry spells at every rainfall station.
Normalized anomalies of the number of long dry spells,
averaged over all available stations in the Sertão Cen-
tral region, are correlated with the corn yields (Fig. 4d).
Correlation of 0.47 is above the 99% significance level.
Higher (lower) long dry spell numbers usually lead to
lower (higher) corn yields, except for very low dry-spell
numbers, which lead to negative yield anomalies.

Both frequency and duration of dry spells can affect
corn yields. To assess the impact of dry spells on corn
yields more accurately, we defined a drought index to
measure the severity of drought conditions:

Dindex " #
i"1

n

LiW, $5%

where Li is the length of the ith dry spell and

W " !1 if Li ! 10

5 if Li " 10
.
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A dry spell is defined as three or more consecutive days
with daily rainfall of less than 2 mm. The weight W is a
function of the length of dry spells. Calibration has
been done to obtain the optimum values of the weight.
A strong W is given to dry spells that are longer than 10
days because of the severe damage to corn yields in this
region.

We calculated the observed drought index at every
rainfall station. Normalized anomalies of drought index
averaged over all stations in Sertão Central region are
correlated with the corn yields (Fig. 4e). The correla-
tion coefficient that is higher than that with long dry-
spell numbers indicated that drought index is a better
parameter than the number of long dry spells to repre-
sent the climate impacts on corn yields. However, ex-
tremely low values of drought index are still associated
with lower yields instead of higher yields. We found
that very low drought index is usually associated with
excessive rainfall. As shown in Fig. 4c, large positive
rainfall anomalies adversely affect the yield.

Long wet spells can also reduce the corn yields in the
Sertão Central region. Because of the shallow soil layer,
flooding conditions associated with wet spells often
wash away corn plants, resulting in low plant density.
To assess the impact of wet spells on corn yield, we
defined a flooding index to measure the severity of
flooding conditions:

Findex ! "
i!1

n

LiW, #6$

where Li is the length of the ith wet spell and

W ! !1 if Li ! 10

5 if Li " 10
.

A wet spell is defined as three or more consecutive days
with daily rainfall of more than 10 mm. We found that
the weight W is not sensitive to the length of wet spells
ranging from 3 to 6 days. Wet spells longer than 6 days
are not observed in the period of 1952–2001. A strong
weight is given to wet spells lasting at least 10 days to
maintain consistency with the definition of the drought
index.

We calculated the observed corn flooding index at
every rainfall station. Normalized anomalies of flood-
ing index, averaged over all available stations in the
Sertão Central region, are correlated with the corn
yields (Fig. 4f). The flooding index is not significantly
correlated with the corn yields. This may be due to the
recurrent drought episodes and low frequency of wet-
spell occurrence in this region. The mean flooding in-
dex is 3.3. Nevertheless, we can extract some useful
information from Fig. 4f. Moderate normalized positive
anomalies (i.e., 0.0–1.0) of flooding index often lead to
higher yields, and large normalized positive anomalies
(i.e., %1.8) of flooding index can adversely affect the
yields.

To combine the impact of drought and flooding con-
ditions on the corn yields, we defined a weather index:

Windex ! "
D#index if D#index $ 0

D#index & F#index if D#index % 0 and F #index $ 1.5

D#index ' F#index if D#index % 0 and 0 % F #index % 1.5
, #7$

where D(index and F(index are normalized anomalies of
drought index and flooding index, respectively.

When D(index is positive, the weather index is equal to
D(index because a quasi-linear relationship between the
normalized anomalies of corn yields and D(index is ob-
served (Fig. 4e). When D(index is negative, both D(index

and F(index are used to calculate the value of the weather
index. There is no useful information from the flooding
index when F(index is negative. The normalized anoma-
lies of corn yields are usually positive when F(index is
positive but is less than 1.2. The normalized anomalies
of corn yields are usually negative when F(index is higher
than 1.8 (Fig. 4f). Values of F(index in the range of 1.2–1.8
are not observed for the period of 1952–2001. We as-
sume that F(index favors higher corn yields when F(index

is less than or equal to 1.5 (the average of 1.2 and 1.8),

and F(index adversely affects corn yields when F(index is
great than 1.5.

The correlation between the weather index and the
corn yield is 0.78 (Fig. 4g). A quasi-linear relationship
between the corn yield and the weather index is ob-
served: a higher (lower) value of weather index usually
leads to a lower (higher) corn yield. Relative to other
climate variables, the weather index may be a better
climate index to represent the climate impacts on corn
yields.

Examination of the relationship between the sea-
sonal mean rainfall and the weather index indicated
that 1) the weather index is closely associated with the
seasonal mean rainfall only when the weather index is
extremely high or low (i.e., the weather index is at least
one standard deviation higher or lower than the aver-
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FIG. 4. Scatterplots of normalized anomaly
of corn yield vs (a) normalized anomaly of
Niño-3.4 SST, (b) normalized Atlantic SST
anomaly dipole, (c) normalized anomaly of
average FMAM rainfall, (d) normalized
anomaly of dry-spell number, (e) normalized
anomaly of drought index, (f) normalized
anomaly of flooding index, and (g) normal-
ized anomaly of weather index.
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  are	
  less	
  than	
  one	
  standard	
  devia<on	
  

	
  
=>	
  The	
  weather	
  index	
  can	
  be	
  treated	
  as	
  an	
  independent	
  variable	
  except	
  for	
  

years	
  with	
  extreme	
  anomalies	
  
	
  
	
  
	
  

A dry spell is defined as three or more consecutive days
with daily rainfall of less than 2 mm. The weight W is a
function of the length of dry spells. Calibration has
been done to obtain the optimum values of the weight.
A strong W is given to dry spells that are longer than 10
days because of the severe damage to corn yields in this
region.

We calculated the observed drought index at every
rainfall station. Normalized anomalies of drought index
averaged over all stations in Sertão Central region are
correlated with the corn yields (Fig. 4e). The correla-
tion coefficient that is higher than that with long dry-
spell numbers indicated that drought index is a better
parameter than the number of long dry spells to repre-
sent the climate impacts on corn yields. However, ex-
tremely low values of drought index are still associated
with lower yields instead of higher yields. We found
that very low drought index is usually associated with
excessive rainfall. As shown in Fig. 4c, large positive
rainfall anomalies adversely affect the yield.

Long wet spells can also reduce the corn yields in the
Sertão Central region. Because of the shallow soil layer,
flooding conditions associated with wet spells often
wash away corn plants, resulting in low plant density.
To assess the impact of wet spells on corn yield, we
defined a flooding index to measure the severity of
flooding conditions:

Findex ! "
i!1

n

LiW, #6$

where Li is the length of the ith wet spell and

W ! !1 if Li ! 10

5 if Li " 10
.

A wet spell is defined as three or more consecutive days
with daily rainfall of more than 10 mm. We found that
the weight W is not sensitive to the length of wet spells
ranging from 3 to 6 days. Wet spells longer than 6 days
are not observed in the period of 1952–2001. A strong
weight is given to wet spells lasting at least 10 days to
maintain consistency with the definition of the drought
index.

We calculated the observed corn flooding index at
every rainfall station. Normalized anomalies of flood-
ing index, averaged over all available stations in the
Sertão Central region, are correlated with the corn
yields (Fig. 4f). The flooding index is not significantly
correlated with the corn yields. This may be due to the
recurrent drought episodes and low frequency of wet-
spell occurrence in this region. The mean flooding in-
dex is 3.3. Nevertheless, we can extract some useful
information from Fig. 4f. Moderate normalized positive
anomalies (i.e., 0.0–1.0) of flooding index often lead to
higher yields, and large normalized positive anomalies
(i.e., %1.8) of flooding index can adversely affect the
yields.

To combine the impact of drought and flooding con-
ditions on the corn yields, we defined a weather index:

Windex ! "
D#index if D#index $ 0

D#index & F#index if D#index % 0 and F #index $ 1.5

D#index ' F#index if D#index % 0 and 0 % F #index % 1.5
, #7$

where D(index and F(index are normalized anomalies of
drought index and flooding index, respectively.

When D(index is positive, the weather index is equal to
D(index because a quasi-linear relationship between the
normalized anomalies of corn yields and D(index is ob-
served (Fig. 4e). When D(index is negative, both D(index

and F(index are used to calculate the value of the weather
index. There is no useful information from the flooding
index when F(index is negative. The normalized anoma-
lies of corn yields are usually positive when F(index is
positive but is less than 1.2. The normalized anomalies
of corn yields are usually negative when F(index is higher
than 1.8 (Fig. 4f). Values of F(index in the range of 1.2–1.8
are not observed for the period of 1952–2001. We as-
sume that F(index favors higher corn yields when F(index

is less than or equal to 1.5 (the average of 1.2 and 1.8),

and F(index adversely affects corn yields when F(index is
great than 1.5.

The correlation between the weather index and the
corn yield is 0.78 (Fig. 4g). A quasi-linear relationship
between the corn yield and the weather index is ob-
served: a higher (lower) value of weather index usually
leads to a lower (higher) corn yield. Relative to other
climate variables, the weather index may be a better
climate index to represent the climate impacts on corn
yields.

Examination of the relationship between the sea-
sonal mean rainfall and the weather index indicated
that 1) the weather index is closely associated with the
seasonal mean rainfall only when the weather index is
extremely high or low (i.e., the weather index is at least
one standard deviation higher or lower than the aver-
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  CORN	
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Corn	
  yields	
  simula4ons	
  using	
  observed	
  climate	
  data	
  

v  Each	
   of	
   the	
   four	
   climate	
   variables	
   (Nino3.4,	
  
Atlan[c	
   dipole,	
   seasonal	
   mean	
   rainfall	
   and	
  
weather	
   index)	
   are	
   used	
   to	
   es4mate	
   corn	
   yields	
  
by	
  linear	
  regression	
  

N.B.:	
   the	
   distribu=on	
   of	
   these	
   variables	
   can	
   be	
  
approximated	
   as	
   normal	
   as	
   shown	
   by	
   observa<on	
  
except	
  for	
  seasonal	
  mean	
  rainfall	
  to	
  which	
  a	
  Box	
  and	
  
Cox	
  (1964)	
  transforma=on	
  is	
  applied	
  

v  Leave-­‐one-­‐out	
  cross	
  valida4on:	
  
①   For	
   each	
   year	
   i,	
   the	
   model	
   is	
   solved	
   by	
  

linear	
   regression	
   using	
   the	
   observed	
   corn	
  
yields	
  and	
  the	
  clima4c	
  variable	
  from	
  all	
  of	
  
the	
  years	
  except	
  for	
  the	
  year	
  i	
  

②   The	
   simulated	
   yield	
   is	
   calculated	
   from	
   the	
  
fi`ed	
   slope,	
   intercept	
   and	
   the	
   observed	
  
clima4c	
  variable	
  for	
  the	
  year	
  i	
  

	
  
(Hansen	
  and	
  Indeje,	
  2004)	
  

age) and 2) the weather index is essentially not corre-
lated with the seasonal mean rainfall when the varia-
tions of weather index are less than one standard de-
viation. Thus, the weather index cannot be derived
from the seasonal mean rainfall and can be treated as
an independent variable except in the years with ex-
treme anomalies.

b. Corn-yield simulations using observed climate
data

As indicated in section 4a, the detrended corn yield is
significantly correlated with the Niño-3.4 SST anomaly,

the tropical Atlantic dipole, the seasonal mean rainfall,
and the weather index. We used each of the four cli-
mate variables to estimate corn yields by linear regres-
sion to determine the most appropriate climate variable
for simulating corn yields. One of the assumptions for
ordinary least squares linear regression is the normality
of distribution. Diagnostics of the observed climate
data indicated no significant departures from normality
for all of the variables except for the seasonal mean
rainfall. Observed seasonal mean rainfall showed a
positive skewness. To correct the departure from nor-
mality, we applied a Box and Cox (1964) transforma-

FIG. 5. Corn-yield (kg ha!1) anomaly simulations by linear regression using the observed
climate data: (a) Niño-3.4 SST anomaly, (b) the Atlantic dipole, (c) transformed seasonal
mean rainfall, and (d) weather index.
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  CLIMATE	
  VARIABILITY	
  &	
  CORN	
  YIELDS	
  
Corn	
  yields	
  simula4ons	
  using	
  observed	
  climate	
  data	
  

v  The	
   corn	
   yields	
   simula[ons	
   using	
   the	
   weather	
  
index	
   tend	
   to	
   agree	
   most	
   closely	
   with	
   the	
  
observa4ons,	
   and	
   ranks	
   first	
   in	
   all	
   three	
  
goodness-­‐of-­‐fit	
  measures:	
  

-  It	
  accounts	
  for	
  56.8%	
  of	
  yield	
  variance	
  
-  It	
  agrees	
  most	
  with	
  observa[ons	
  (d=0.85)	
  
-  It	
  has	
  the	
  least	
  amount	
  of	
  errors	
  (MAE=91.0)	
  

	
  
v  The	
  Niño-­‐3.4	
  SST	
  ranked	
  second,	
  followed	
  by	
  the	
  

seasonal	
  mean	
   rainfall,	
  while	
   the	
  Atlan4c	
   dipole	
  
is	
  the	
  least	
  effec4ve	
  predictor	
  for	
  the	
  corn	
  yield	
  

v  No	
   improvement	
   with	
   the	
   “seasonal	
   mean	
  
rainfall”	
  predictor	
  rela[ve	
  to	
  the	
  SST	
  indices	
  

age) and 2) the weather index is essentially not corre-
lated with the seasonal mean rainfall when the varia-
tions of weather index are less than one standard de-
viation. Thus, the weather index cannot be derived
from the seasonal mean rainfall and can be treated as
an independent variable except in the years with ex-
treme anomalies.

b. Corn-yield simulations using observed climate
data

As indicated in section 4a, the detrended corn yield is
significantly correlated with the Niño-3.4 SST anomaly,

the tropical Atlantic dipole, the seasonal mean rainfall,
and the weather index. We used each of the four cli-
mate variables to estimate corn yields by linear regres-
sion to determine the most appropriate climate variable
for simulating corn yields. One of the assumptions for
ordinary least squares linear regression is the normality
of distribution. Diagnostics of the observed climate
data indicated no significant departures from normality
for all of the variables except for the seasonal mean
rainfall. Observed seasonal mean rainfall showed a
positive skewness. To correct the departure from nor-
mality, we applied a Box and Cox (1964) transforma-

FIG. 5. Corn-yield (kg ha!1) anomaly simulations by linear regression using the observed
climate data: (a) Niño-3.4 SST anomaly, (b) the Atlantic dipole, (c) transformed seasonal
mean rainfall, and (d) weather index.
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tion to the seasonal mean rainfall. The procedure finds
the optimal transformation to normality within the fam-
ily of power transformation (Hansen et al. 2004),

R! ! !
lnR " ! 0

R" " 1
"

" # 0
, #8$

by selecting the value of % that maximizes the log-
likelihood function,

L ! "
N " 1

2
lnSR!

2 & #" " 1$
N " 1

N '
i!1

N

lnR, #9$

where R and R( are the seasonal rainfall and trans-
formed seasonal rainfall, respectively, and S2

R( is the
variance of R(. The value of % is 0.22 for the observed
seasonal mean rainfall.

Cross-validated least squares linear regression was
applied to the corn-yield simulation using the Niño-3.4
SST anomaly, the tropical Atlantic dipole, the trans-
formed seasonal mean rainfall, and the weather index.
Leave-one-out cross validation ensured that observa-
tions from the forecast period did not directly influence
forecasts and at the same time allowed us to make ef-
ficient use of limited data (Hansen and Indeje 2004).
For each year i, we solved the model by linear regres-
sion using the observed corn yields and the climatic
variable(s) from all of the years except for the year i
and then calculated the simulated yield from the fitted
slope and intercept and the observed climatic vari-
able(s) for the year i. Figure 5 presented the compari-
son between the simulated yields and the observations.
The yield simulations using the weather index tend to
agree most closely with the observations. It is superior
to the simulations using the other three variables during
the 50-yr period. The performance statistics for the
corn-yield simulations are summarized in Table 1. Of
the four predictors, the weather index ranks first in all
three goodness-of-fit measures. The simulated yield us-
ing the weather index correlates best with the observa-
tions (r ! 0.75); it can account for 56.8% of the ob-
served yield variance. It agrees most closely with the
observations (d ! 0.85), and it has the least amount of
errors. The Niño-3.4 SST ranked second in all three
performance statistics, followed by the seasonal mean
rainfall. The Atlantic dipole is the least effective pre-
dictor for the corn yield. The yield simulations using the
two SST indices can serve as a baseline scenario. There
is no improvement with the “seasonal mean rainfall”
predictor relative to the SST indices.

5. Corn-yield potential predictability

a. Dynamical model validation

There are 13 RSM grid boxes over the Sertão Central
region. We calculated the values of seasonal mean rain-
fall, drought index, flooding index, and weather index
for each of the 10 integrations on every model grid box,
and then we calculated the mean of each index over the
10 integrations and the 13 grid boxes in the Sertão Cen-
tral region. These indices from the model are some-
times referred to below as the “model hindcasts.” This
term emphasizes that they were not predictions made in
real time, nor could they have been. Rather, they indi-
cate the values that could be potentially predicted with
perfect knowledge of the SST pattern in each season.
However, they can be considered strongly indicative of
true prediction potential, given other studies that have
shown persistence of SST anomalies over several
months is sufficient for SST forcing of this region’s cli-
mate to translate into a true seasonal prediction capa-
bility for the region (Folland et al. 2001; Moura and
Hastenrath 2004; Sun et al. 2006).

Figure 6 illustrates the FMAM ensemble mean
anomalies versus observations. For the seasonal mean
rainfall, the model simulated the observed anomalies
well—in particular, the extreme anomalies. The model
produced relatively large biases in 5 yr (1971, 1992,
1997, 1999, and 2000). These are all near-average rain-
fall years in the observations. The model biases seem to
be random: there are three years with positive biases
and two years with negative biases. The model hind-
casts for drought index tend to agree with the observa-
tions as well. It is interesting to note that the model
reproduced the observed drought index anomalies well
in 1971 and 1999, for which the model had large biases
of seasonal mean rainfall anomalies. In 1973, 1976,
1977, 1981, 1988, and 1994, the model showed relatively
large biases of drought index, but the model simulated
the observed seasonal rainfall anomalies well. The
model hindcasts for flooding index are highly corre-
lated with the observations. The model-produced inter-
annual variability for the flooding index was stronger
than what was observed. The model generally captured

TABLE 1. Goodness-of-fit statistics for corn-yield simulations
for the period of 1952–2001, using observed climate data. The
coefficient of determination r 2 is expressed as a percentage of 1.0.

Predictor
Niño-3.4

SST
Atlantic
dipole

Seasonal
rainfall

Weather
index

r2 21.7 10.4 19.2 56.8
MAE (kg ha"1) 128.4 144.0 130.5 91.0
d 0.61 0.49 0.59 0.85
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3.4.	
  CORN	
  YIELD	
  POTENTIAL	
  PREDICTABILITY	
  

Dynamical	
  model	
  valida4on:	
  simulated	
  climate	
  indexes	
  

v  All	
   four	
   indexes	
   are	
   calculated	
   for	
   each	
   of	
   the	
   10	
  
integra4ons	
  on	
  every	
  model	
  grid	
  box,	
  then	
  the	
  mean	
  of	
  
each	
  index	
  is	
  computed	
  over	
  the	
  10	
  integra[ons	
  and	
  the	
  
13	
  grid	
  boxes	
  over	
  the	
  region	
  

v  Seasonal	
   mean	
   rainfall:	
   the	
   model	
   simulated	
   the	
  
observed	
  anomalies	
  well,	
  but	
  produced	
   rela4vely	
   large	
  
biases:	
  3/2	
  years	
  with	
  posi[ve/nega[ve	
  biases	
  	
  

=>	
  Model	
  biases	
  seem	
  to	
  be	
  random	
  

v  Drought	
   index:	
   agrees	
   well	
   with	
   observa[on,	
   however	
  
drought	
   index	
   anomalies	
   are	
   well	
   reproduced/show	
  
large	
  biases	
   in	
  1971	
  and	
  1999/1973,	
  1976,	
  1977,	
  1981,	
  
1988,	
  and	
  1994	
  

v  Flood	
   index:	
   hindcasts	
   highly	
   correlated	
   with	
  
observa[on	
  but	
  inter-­‐annual	
  variability	
  stronger	
  

v  Weather	
   index:	
   reproduces	
   be`er	
   inter-­‐annual	
  
variability,	
  main	
  biases	
  are	
  associated	
  with	
  biases	
  of	
  the	
  
drought	
  index	
  

FIG. 6. Time series (1971–2000) of observed and model-simulated climate anomalies during
FMAM season over the Sertão Central region of Ceará: (a) seasonal mean rainfall anomaly,
(b) drought-index anomaly, (c) flooding-index anomaly, and (d) weather-index anomaly. The
correlation r between observations and simulations is also shown.
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3.4.	
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  YIELD	
  POTENTIAL	
  PREDICTABILITY	
  

Dynamical	
  model	
  valida4on:	
  simulated	
  climate	
  indexes	
  

	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
v  The	
   large	
   values	
   of	
   the	
   variance	
   ra4o	
   for	
   all	
   four	
   variables	
   suggest	
   that	
   SST	
   forcing	
   has	
   a	
  

sta4s4cally	
  significant	
  and,	
  therefore,	
  predictable	
  influence	
  on	
  the	
  interannual	
  variability	
  of	
  local	
  
seasonal	
  mean	
  rainfall	
  and	
  weather	
  sta4s4cs	
  

v  Hindcasts	
   show	
   significant	
  agreement	
  with	
   the	
  observa4ons	
  and	
  account	
   for	
   a	
   large	
  por4on	
  of	
  
the	
  observed	
  variance	
  for	
  all	
  four	
  variables	
  during	
  the	
  FMAM	
  season	
  

v  Seasonal	
  mean	
   rainfall	
  hindcasts	
   agreed	
  most	
   closely	
  with	
   the	
   observa[ons	
   and	
   accounted	
   for	
  
most	
  of	
  the	
  observed	
  variance	
  during	
  the	
  30-­‐yr	
  period	
  =>	
  highest	
  poten4al	
  for	
  predictability	
  

	
  + 	
  	
  
	
  	
  	
  	
  	
  	
  Seasonal	
  rainfall	
  model	
  is	
  able	
  to	
  capture	
  the	
  interannual	
  variability	
  of	
  weather	
  index	
  which	
  may	
  	
  	
  	
  	
  	
  	
  
	
  	
  	
  	
  	
  	
  significantly	
  contribute	
  to	
  corn-­‐yield	
  predic[ons	
  

the observed interannual variability of weather index.
The biases of the weather index simulations are mostly
associated with the biases of drought index.

Model performance statistics for FMAM season are
summarized in Table 2. The large values of the variance
ratio for all four variables suggest that the SST forcing
has a statistically significant and, therefore, predictable
influence on the interannual variability of local sea-
sonal mean rainfall and weather statistics. The model
hindcasts show significant agreement with the observa-
tions and account for a large portion of the observed
variance for all four variables during the FMAM sea-
son. The seasonal mean rainfall showed the highest po-
tential for predictability among the four variables: the
seasonal mean rainfall hindcasts agreed most closely
with the observations and accounted for most of the
observed variance during the 30-yr period. It is striking
that the model is able to capture the interannual vari-
ability of weather index also. This may significantly
contribute to corn-yield predictions.

b. Corn-yield simulation using model data

We applied the Box and Cox (1964) transformation
to the seasonal mean rainfall hindcasts in the same
manner as for the observed seasonal mean rainfall. The
value of ! is 0.39. Cross-validated least squares linear
regression is applied to corn-yield simulations using the
transformed seasonal mean rainfall and the weather-
index data from the RSM model outputs. The simu-
lated corn yields using the seasonal mean rainfall or the
weather index are significantly correlated with the ob-
servations at the 95% significant level (Fig. 7). Al-
though the RSM has better skill for the seasonal mean
rainfall than does the weather index, the yield simula-
tions with the weather index are statistically better than
those with the seasonal mean rainfall. They correlate
more highly with the observations (0.70), account for a
much larger portion of the observed yield variance
(49.5%), agree more closely with the observations
(0.82), and have smaller errors (Table 3). Corn simula-
tion skill using the RSM weather index shows only a
small shortfall from that using observed weather index.

We note the relatively poor simulations of corn yield
from 1975 to 1982. During the period of 1975–82, the
anomalies of seasonal mean rainfall are near zero and
the model reproduced the observed seasonal mean
rainfall anomalies well (Fig. 6a). However, the ob-
served weather index exhibited large interannual vari-
ability, and the model failed to reproduce the observed
anomalies (e.g., 1981). This also confirmed that corn
yields are more sensitive to the weather index than the
seasonal mean rainfall.

6. Summary
Corn is the predominant rain-fed crop in Ceará, Bra-

zil. This paper has examined the relationship between
climate variations and corn yields and, in addition, the
potential predictability of corn yields, drawing on the
now well-established seasonal climate predictability in
the region from the prevailing SST patterns ahead of
each rainy season. We defined a weather index, using
daily rainfall time series during the growing season for
corn, to measure the severity of drought and flooding
conditions. The historical (1952–2001) response of corn
yields to climate variations was analyzed. The corn
yield is significantly correlated with the Niño-3.4 SST
anomaly, the tropical Atlantic dipole, the seasonal
mean rainfall, and the weather index. High (low) yields
are usually associated with negative (positive) values of
the Niño-3.4 SST anomaly, the tropical Atlantic dipole,
and the corn weather index and positive (negative) sea-
sonal mean rainfall anomalies. Corn-yield simulations
were performed by linear regressions in a cross-
validated mode using observed climate variables. The
weather index is superior to the Niño-3.4 SST anomaly,
the tropical Atlantic dipole, and the seasonal mean
rainfall for yield simulations, as indicated by all three
goodness-of-fit measures: the coefficient of determina-
tion, the index of agreement, and the mean absolute
error.

To examine the potential predictability of the climate
characteristics that are important for corn yield in
Ceará, an ensemble of 10 runs with the NCEP RSM at
horizontal grid spacing of 60 km nested with the
ECHAM4.5 AGCM using observed SSTs has been
analyzed for the period of 1971–2000. High potential
predictability was revealed by the large values of vari-
ance ratio for the seasonal mean rainfall and, as a new
result here, also the drought, flooding, and weather in-
dices. The model hindcasts for the four variables agree
closely with the observations, accounting for a signifi-
cant portion of the observed variance and having rela-
tively small errors. We can conclude that the nested
model is skillful for simulation of seasonal mean rainfall
and within-season weather statistics as well.

TABLE 2. Model validation for the FMAM season during 1971–
2000. The coefficient of determination is expressed as a percent-
age of 1.0. Units for MAE for the seasonal mean rainfall: mm
day"1.

Seasonal
rainfall

Drought
index

Flooding
index

Weather
index

r 2 70.2 54.2 71.0 47.4
MAE 0.83 78.0 5.6 0.64
d 0.89 0.76 0.53 0.84
Variance ratio 0.71 0.68 0.59 0.54
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3.4.	
  CORN	
  YIELD	
  POTENTIAL	
  PREDICTABILITY	
  

Dynamical	
  model	
  valida4on:	
  simulated	
  corn	
  yields	
  anomalies	
  

v  Box	
   and	
   Cox	
   (1964)	
   transforma4on	
   is	
   applied	
   to	
  
seasonal	
  mean	
  rainfall	
  hindcasts	
  

v  Linear	
  regression	
  is	
  applied	
  to	
  produce	
  corn	
  yields	
  
simula[ons	
   using	
   transformed	
   seasonal	
   mean	
  
rainfall	
   and	
   weather	
   index	
   from	
   RSM	
   model	
  
output	
  

v  Simulated	
   corn	
   yields	
   using	
   the	
   seasonal	
   mean	
  
rainfall	
   or	
   the	
   weather	
   index	
   are	
   significantly	
  
correlated	
  with	
  the	
  observa4ons	
  

v  Although	
   the	
   RSM	
   has	
   be`er	
   skill	
   for	
   the	
  
seasonal	
   mean	
   rainfall	
   than	
   the	
   weather	
   index,	
  
yield	
   simula4ons	
   with	
   the	
   weather	
   index	
   are	
  
be`er	
  than	
  those	
  with	
  the	
  seasonal	
  mean	
  rainfall	
  

v  Corn	
   simula4on	
   skill	
   using	
   the	
   RSM	
   weather	
  
index	
  shows	
  only	
  a	
  small	
  shor{all	
  from	
  that	
  using	
  
observed	
  weather	
  index	
  

	
  

=>	
  Poten4als	
  for	
  predictability!!!	
  

Yield simulations for the period of 1971–2000 were
performed by linear regressions in a cross-validated
mode using the dynamically downscaled seasonal mean
rainfall and weather index. The skill for specifying corn
yield using the dynamically downscaled seasonal mean
rainfall is reasonably good. The skill for specifying the
yield using the weather index calculated from the dy-
namically downscaled output is much higher, as indi-
cated by all three goodness-of-fit measures. This study
provides the scientific foundation for the development
of a climate–corn yield forecast system over Ceará. We
have shown that the year-to-year SST-forced compo-
nent of climate variation does translate into the
weather features that are important for crop yields. The
results demonstrate the striking extent to which the
year-to-year changes in SST force local climate charac-
teristics that can specify the year-to-year variations in
corn yield. The variance of corn yield explained by the
SST-driven model was 49.5%. Other studies (e.g., Fol-

land et al. 2001; Moura and Hastenrath 2004; Sun et al.
2006) have shown that persistence of SST over several
months is sufficient for the SST-forced component of
climate to translate into a genuine seasonal prediction
capability, and so there is a good expectation that the
results reported here will translate into real predictabil-
ity of corn yield with a lead time of a month to a few
months before planting. Quantification of the extent to
which that is the case is now under way using experi-
ments with predicted SSTs, the simplest method being
the assumption of persistence of SST anomalies. Analy-
ses with crop models often make use of stochastic
weather generators to generate the needed daily rain-
fall information from monthly or seasonal mean rain-
fall. The use of generated sequences of daily rainfall
often results in underprediction of variability (Wilks
1999). We have demonstrated that the regional climate
model can capture well the interannual variability of
within-season weather statistics, as expressed in indices
of drought and flood. The potential for research to link
such indices with weather-generator approaches is a
further implication of this study.
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Silva Filho for performing the RSM integrations. The
authors acknowledge the enlightening discussion with

TABLE 3. Goodness-of-fit statistics for corn-yield simulations for
the period of 1971–2000, using model-simulated climate data. The
coefficient of determination is expressed as a percentage of 1.0.

Predictor Seasonal rainfall Weather index

r2 19.1 49.5
MAE (kg ha!1) 135.4 105.9
d 0.60 0.82

FIG. 7. Corn-yield (kg ha!1) anomaly simulations by linear regression using RSM simulated
climate data: (a) transformed seasonal mean rainfall and (b) the weather index.

238 J O U R N A L O F A P P L I E D M E T E O R O L O G Y A N D C L I M A T O L O G Y VOLUME 46

Seasonal	
  rainfall	
  

Weather	
  index	
  

Poor	
  corn	
  yields	
  simula4ons	
  from	
  1975-­‐82	
  
	
  

Observed	
   weather	
   index	
   exhibits	
   large	
  
inter-­‐annual	
   variability,	
   and	
   the	
   model	
  
failed	
  to	
  reproduce	
  the	
  observed	
  anomalies	
  

Simulated	
  corn	
  yields	
  anomalies	
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