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1.1. MOTIVATION

What projections for West Africa at medium term?

(ARPEGE)

INMC

-05 -04 -03 -0.2 -0-1 0 0.1 0.2 0.3 0.4 0.5
mm/day

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/I[PCC_DDC/html/SRES_AR4/index.html)
between the 2030’s (A2 scenario) and the 1980s (20CM3 scenario)
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1.1. MOTIVATION
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1.2. REGIONAL SCENARIOS

Experimental setup

« Regional Atmospheric Model: Weather Regional Forecast model (WRF) version 3.0.1.1.
developed by NCAR with the following physics,

- Yosei University (YSU) Planetary Boundary Layer scheme,
> NOAAH Land Surface Model,

> Monin-Obukhov Surface Layer scheme,

- Kain-Fritsch Cumulus parametrization scheme,

> RRTM/Dudhia Long/Shortwave Radiation schemes.

Regional experiments were designed over a geographical domain between 10°S-45°N
and 38°W-58°E with,

- Two types of large-scale forcings: CNRM ARPEGE-CLIMAT output and ERA-40 re-
analyses (contemporary period) at 2.8°x2.8° and 2.5°x2.5° spatial resolution,

> Boundary conditions imposed every 12hrs,

> WRF output every 12hrs at a 50km x 50km horizontal resolution (28 sigma levels on
the vertical) after a 12 months spin-up.

« Rainfall data: For validation purposes GPCP and CMAP rainfall estimates at a 2.5°x2.5°
spatial resolution were used.



1.2. REGIONAL SCENARIOS

Validation over an historical period: climatology
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1.2. REGIONAL SCENARIOS

Validation over an historical period: climatology

Zonal moisture fluxes
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1.2. REGIONAL SCENARIOS

Validation over an historical period: seasonal cycle

(@) Mean WRF XX rain
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1.2. REGIONAL SCENARIOS

Validation over an historical period: seasonal cycle

AEJ N-S ARPEGE vs CMAP Ranfall AEJ N-S WRF vs CMAP Runrfall AEJ N-S JAS 1081-1960 (EQ-29N)

Wird speed (m/s)
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1962 1964 1986 1668 1980

— WEF ARPEGE

- = ARPEGE

e WIRF ERASD
ERALD

Heterogeneous correlation maps of mean JAS difference between
northern (10-25°N) and southern (EQ-10°N) part of the AEJ from WRF
simulations (middle) forced by ARPEGE and ERA-40, and from their respective
forcings (left), with CMAP JAS rainfall estimates over the 1981-1990 period.
Shaded areas correspond to scores significant at 90% and 95% level (light and
dark grey respectively) using Monte-Carlo simulations.

Better representation of the relationships between AEJ dynamics and
observed rainfall regimes for regional simulations



1.2. REGIONAL SCENARIOS

Validation over an historical period: rainfall statistics

(a) ARPEGE JAS PC1 (45.59%) (b) ARPEGE JAS PC2 (15.55%)

EOF JAS rainfall
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(C) WRF XX JAS PC1 (27.48%) (d) WRF XX JAS PC2 (24.77%) ¢ CMAP: 1 Guinean + 1 Sahelian modes
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1.2. REGIONAL SCENARIOS

Validation over an historical period: rainfall statistics

(@) March to November rainfall probability over Global Sahel (1981-1990) (b) 4AS rainfall probability over Global Sahel (1981-1990)
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1.2. REGIONAL SCENARIOS

A2 scenario projections & related dynamics

Rainfall Surface Temperatures
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1.3. HYDROLOGICAL PROJECTIONS

Hydrological modeling

AE
If SR > 0.1 sat then AE=PE
else AE=0
/ b
\ Superf.runoff
shallow res. | | If SR = sat th_en =P-PE
y else =0
/
\-.. A A
Surf runoff
= ssrrx SR + Superf.runoff
Infiltration
= infrx SR Baseflow
= gwrrx DR

'

SR: shallow (or soil) reservoir (mmy)

DR: deep (or groundwater) resemvoir (mm)
P: rainfall {(mm/fd)

PE: potential evaporation (mm/d)

AE: actual evaparation (mm/d)

CA: catchment (or portion) area

Q¢ outflowing discharge (m3/s)

Total spec. discharge (gqspec)
= Surf.runoff + Baseflow

What are the short
and longer terms
projected discharge
at Douna?

Douna

Y

Qout
= gspec x CA

Calibration parametars

satl: soil saturation content (/d)
ssrr. sub-surface runoff rate (fd)
infr: deep infiltration rate (/d)
gwrr. groundwater runoff rate (/d)

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



1.3. HYDROLOGICAL PROJECTIONS

Validation over a historical period (1952-2000)
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1.3. HYDROLOGICAL PROJECTIONS

Multiple scenarios approach

Hydrological
modelling period ~ Short-term Mid-term Long-term

HadCM3 ARPEGE

ARPEGE-10  WRF [ I
1950 2000 |
S S I NS
D XN & & &V >

Different scenarios for different time-scales
relevant to adaptation strategies



1.3. HYDROLOGICAL PROJECTIONS

Multiple scenarios approach

Bias (%) Delta (°C)
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 el 4.8
ARPEGE ) -5 10 1.4 2.5 5.2
2032-2041 — - 2032-2041 — —
ARPEGE-10 32 - - 1.6 - -
WRF 104 - - 1.3 - —

+»» Different scenarios lead to different trends in rainfall and surface temperatures

+»* ARPEGE contrasting trends for short terms projections depending on periods

+* While ARPEGE disagree with other GCMs for short term, WRF projections are
within the range from GCMs ensemble
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1.3. HYDROLOGICAL PROJECTIONS

Rainfall scenarios  DPuetoJan 2041 too
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+* Highest trends in CSIRO, other GCMs
don’t differ much from observation

+* ARPEGE-10 high level of changes while

WRF provides projections closer to
GCMs ensemble



1.3. HYDROLOGICAL PROJECTIONS

Projected Potential EvapoTranspiration (PET)

CSIRO MPI-M 0.70

ARPEGE-10 WRF
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same fashion by WRF

— Reference period (1961-1990) — Short-term (2011-2040)

— Mid-term (2041-2070) — Long-term (2071-2099) ¢ Hydrological model constrained by
rainfall trends depending on GCMs
with increasing PET but rainfall and

PET work in opposition
(PET based on simple calculations

: => Results from hydrological modeling
using surface temperature)

cannot be predicted intuitively



Discharge (m3/s)
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1.3. HYDROLOGICAL PROJECTIONS

Projected discharge
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s WRF provides discharge trend
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s Simulated flood peaks tend to
occur at the same time as observed
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2.1. MOTIVATION

** Water resources planning/management efficacy is subject to
capturing inherent uncertainties stemming from climatic and
hydrological inputs and models

** However, little consideration has been given to methodologies that
include coupling both multiple climate and multiple hydrological
models, increasing the pool of forecast ensemble members and
accounting for cumulative sources of uncertainty

-

Aim: the framework presented here proposes the integration of global
climate models (GCMs), multiple regional climate models (RCMs), and
numerous water balance models to improve streamflow forecasting
through generation of ensemble forecasts

.




2.1. MOTIVATION

Application Site

+** The lguatu basin: lies within the larger Jaguaribe basin, a 72,000 km?2
semi-arid area in northeast Brazil
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2.1. MOTIVATION

Application Site

+** The lguatu basin: lies within the larger Jaguaribe basin, a 72,000 km?2
semi-arid area in northeast Brazil and experiences one rainy season
annually, from January to May
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January to June Streamflow on the Jaguaribe River at Iguatu, Brazil, for 1912-1996.
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2.2. DATA & METHODOLOGY

Forecasting Approach
SR (IS @D GCMs precipitation forecasts are
downscaled with statistical and dynamical
General Circulation Model(s) downscaling
Dynamical Downscaling Statistical Downscaling @RCM downscaled rainfall are then bias
corrected using hindcasts & past
Bias Correction observations

@Downscaled precipitation are fed into
Hydrologlcal Models Hydrological Models hydrological models to forecast

\ / streamflow

Multi-model Combinations @These are subsequently weighted/
combined to create a multi-model

ensemble for probabilistic evaluation
Streamflow Forecast

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




2.2. DATA & METHODOLOGY

Climate Models & Downscaling

** GCMs: Max Planck ECHAMA4.5 (Roeckner et al, 1996)
NCEP MRF9 (Kumar et al, 1996)
Both are forced by observed SSTs to provide hincasts

** RCMs: NCEP Regional Spectral Model (RSM) (Juang et al, 1997)
An 10-run ensemble is produced with the nested RSM-
ECHAMA.5 using observed SSTs (Jan-Jun, 1971-2000)

NB: similar RSM-MRF9 products were not available

+* Statistical Downscaling: Principal Component Analysis (PCA)

A cross-validated linear regression model with PCs of the GCM

forecasted precipitation ensemble mean acting as predictors
NB: repeated for each month and each GCM



2.2. DATA & METHODOLOGY

Climate Models & Downscaling

** Bias correction: Probability mapping applied to monthly
RSM precipitation data and is based on two cumulative
distribution functions (CDFs): (1) the historical observed

—_

data, and (2) all RSM ensemble data pooled by months

——observed CDF
- --RSM CDF
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1) Each CDF is fit with a gamma
distribution

2) A given monthly RSM precipitation

value from a hindcast ensemble
member is then bias corrected by
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month’s pooled RSM CDF to the

observed CDF
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2.2. DATA & METHODOLOGY

Hydrological Models

** Conceptual model: Soil Moisture Accounting Procedure
(SMAP) model containing 2 reservoirs and 4 parameters.
The rainfall-runoff component is founded on the Soil
Conservation Service equation and utilizes basin average
precipitation and evapotranspiration

(Souza Filho and Porto, 2003)

** Non-linear watershed model: ABCD model represents soil
moisture storage, ground water storage, direct runoff,
ground water outflow to the stream channel, and actual
evapotranspiration. Inputs include precipitation and
potential evapotranspiration

(Thomas, 1981; Thomas et al,1983)



2.2. DATA & METHODOLOGY

Multi-Model Hindcast Ensemble Combinations & Skill Scores

Three techniques are applied to seasonal streamflow hindcast totals aggregated
from monthly values (Jan-Jun):

\/
0’0

L 4

4

L X4

L)

Simple pooling: all ensemble members are given equal weight and joined into
a single multimodel ensemble (MME) => superior to a single forecast due to its
higher reliability (Barnston et al, 2003; Robertson et al, 2004)

Least Square Linear Regression: assigns a weight to model ensembles based on
the regression coefficient created by fitting individual ensemble means to
observed conditions (Van den Dool, 2008)

Normal Density Kernel Estimator: calculates the probability density at each
hindcast observation from each model. Optimal weight for each model is
obtained by maximizing the total likelihood over all time periods from all
models (Rajagopalan et al, 2002; Bishop, 2006)

Skill scores: median and total root mean square error (RMSE), Pearson’s
correlation coefficient and Rank Probability Skill Score (RPSS)
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2.3. Results & analysis
2.3.1. Climate models downscaling & bias corrections
2.3.2. Validation of coupled climate/hydrological streamflow hindcasts
2.3.3. Validation of Multi-Model Ensemble combinations

2.3.4. January-June 1991 case study



2.3. RESULTS & ANALYSIS

Climate Models Downscaling
Nested ECHAMA4.5-RSM Jan-Jun Precipitation diagnostics

EQo) Precipitation ACC 0 b) Precipitation RPSS

3S 3S 1
40
6S 6S
30

9S 9S 1 20

12S 1251

M |5
~0.1
1554 vo

185 1
d

48W  45W  42W  39W  36W  33W  30W ABW  45W  42W  39W  36W  33W  30W

1688

18S

-

s ACC: strong performance suggests that much of the interannual variability of
basin rainfall is associated with global SST variations

s RPSS: moderate skill (<10%) south of latitude 9S, but stronger skill (>10%) in

L northeast Brazil, particularly over the basin )




2.3. RESULTS & ANALYSIS

Monthly Model Bias Correction
Nested ECHAMA4.5-RSM Jan to Jun precipitation model bias correction
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Raw RSM and observed CDFs required for bias correction of monthly precipitation
=> larger bias in the drier January, May, and June months




2.3. RESULTS & ANALYSIS

Models Downscaled Jan-Jun Precipitation

€ Dynamical bias correction
51200 T T T T T T T T T T T T T T T T T T T T T T T T T T
Q. L = _
£ 900 g . % . ur 0y 5 - @ ECHAMA4.5-RSM
& 600r= . _ ¥ 3 . :
n T * bias corrected
© 3001 %‘ﬁ +‘%@$$@$@l *@Eﬁl%[;éég =
_J? 0 | | | | | | | | | | | | | | | | | | | | | | | |
= 1972 1974 1976 1978 1980 1982 1984 1986 1988 1990 1992 1994 1996
NG Year J
= Statistical ECHAM4.5
/51200 T T L e ﬁ e \
Q. L _
g 900 @ T - = + T Statistical Approach
T 600 : . r Pt w o g & &
@ 3001? @ B 5@ 5 g @ g - g OG54 g ™S E  (ECHAMAS/MRF)
e o 9TTRT T 5 gasedon 100
= 1972 1974 1976 1978 1980 1982 1984 1986 1988 1990 1992 1994 1996 explaining 79/65%
= Year -
= Statistical NCEP/MRF9 of total variance
E20——F—F 777 T T T T T T T T T T T T T T T T T T T > ngh correlation
S 900 0 = . coefficients
e x = & & T e, 0% - =%  (0.88/085)and
2 300F 3 ¢ = @ @ = 5 = ? e . Tt robust median RPSS
% | | | | | | | T | | | | | | | | | | | | | | | | (0 27/0 55)
= 1972 1974 1976 1978 1980 1982 1984 1986 1988 1990 1992 1994 1996 : '
Kﬁ Year /

e

*

X/
0‘0

For most years the ensemble members envelop the observed value
Comparable performance of statistical and dynamical downscaling approaches

=> Retaining both methods remains prudent for capturing structural uncertainty




2.3. RESULTS & ANALYSIS

Jan-Jun Modeled Streamflow (1912-1969 Calibration)

SMAP model
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** The models mimic observed streamflow quite well (except for wettest 1924)

J

** Monthly time-series (not shown) also indicate strong correlations (#0.90)




2.3. RESULTS & ANALYSIS

Coupled Climate/Hydrological Model Hindcast (1974-1996 Validation)
Jan-Jun streamflow from ECHAMA4.5 dynamically downscaled/bias corrected precipitation
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** Strong model performance according to seasonal correlation coefficients
s Contrasting with calibration period, both models do well in estimating high
flow seasonal quantities, but are less proficient for low flow seasons




2.3. RESULTS & ANALYSIS

Coupled Climate/Hydrological Model Hindcast (1974-1996 Validation)
Jan-Jun streamflow from ECHAMA.5 statistically downscaled precipitation

SMAP coupled
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+» Strong model performance according to seasonal correlation coefficients
s Better approximation of 1974, the wettest year in the hindcast period




2.3. RESULTS & ANALYSIS

Coupled Climate/Hydrological Model Hindcast (1974-1996 Validation)
Jan-Jun streamflow from NCEP/MRF9 statistically downscaled precipitation

SMAP coupled
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+» Strong model performance according to seasonal correlation coefficients

J

** Less variance under both hydrological models
+» Solid capture of the dry years by all coupled methods.




2.3. RESULTS & ANALYSIS

Coupled Climate/Hydrological Model Hindcast (1974-1996 Validation)

Root Mean
Squared
Error
Correlation
Coupled Model Coefficient Median Total RPSS
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 1,630 0.53
4 +»» Skill scores reasonably strong => features of the basin generally captured A
** SMAP coupled models appear slightly superior to the ABCD models
+» Larger differences are evident between downscaling techniques
¢ SMAP-Statistical-ECHAM demonstrates highest skill scores (Corr and RMSE)
\_ but performs inferiorly to climatology (RPSS) )




2.3. RESULTS & ANALYSIS

Multi-Models Ensemble Combinations (1974-1996 Validation)

Root Mean
Squared Error

Correlation
Coupled Model Coefficient Median Total RPSS

Pooled 0.90 90 : 0.21

Linear regression 0.91 92 1,008 0.35
weighting

Kernel density 0.92 90 962 0.55
estimator

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

* Kernel density estimator approach emerges as most skillful

J

+* Correlation coefficients are superior to single model ensemble results

J

s Errors and categorical skill scores (RPSS) as good or better than single models




2.3. RESULTS & ANALYSIS

Multi-Models Ensemble Combinations (1974-1996 Validation)

Median seasonal streamflow from models ensemble combined with the kernel density estimator
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Kernel combination does not produce the best estimate for any given year, but
out- performs any single hydrological model approach over the hindcast period




Probability

2.3. RESULTS & ANALYSIS

January-June 1991 Case Study: Total Streamflow PDFs (dry year)

x 10
R T T T T

- - -Pooled ensemble
— Climatology

O | | | | | | | | |
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Streamflow (million cubic meters)

Streamflow forecast
ensembles may be
used to construct
probability density
functions (PDFs)
beneficial for risk-
based decision making

Pooled ensemble hindcast PDF shifted left of the climatological PDF

=> Relatively less streamflow
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3. DYNAMICAL DOWNSCALING & AGRICULTURE IN BRAZIL
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3.2.1. Corn yields data
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3.2.3. Rainfall hindcasts
3.2.4. Statistical metrics

3.3. Climate variability & corn yields
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3.1. MOTIVATION

42W 41W  40W S9W 38W  S7W

Network of rainfall stations in the
Sertao Central region of Ceara

** The state of Ceard, situated in semi-arid northeast
Brazil, occupies an area of 146 348 km2 where crop

production is highly vulnerable to climate variability
(Chimeli et al, 2002)

*¢ Previous studies indicated that the corn yields in
Ceara are highly correlated with ENSO and suggested
that ENSO can be used to predict corn yields

(Rao et al, 1997)

¢ However, yield predictions showed large biases when
compared with observations

=> Need to find a better index to represent climate
influence on corn yields

¢ 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 }




3.2. DATA & METHODOLOGY

Corn Yields Data

X/

% Corn data aggregated at state level for the _ .
1952-2001 period obtained from IPLANCE (a) 1200 -2 Raw (dashed) and smoothed (solid) corn yields
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0 ! w | | !
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% The trends in corn yields that are believed to
be unrelated to climate effects are removed :

Corn Yield
(Kg/ha)

= Low-pass spectral smoothing filter applied
to the raw vyield data to separate higher- and
lower-frequency trends  (Press et al, 1989)

N.B.: the 10-yr smoothing chosen is subjective - b) Detrended corn yields
= [
2 400 =
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% Subsequent analyses are done on the g -400 o ’ *
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IPLANCE: Fundacdo Instituto de

Pesquisa e Informacéo do Ceard Time-series of corn yields (kg/ha) for the Sertao

Central region of Ceara



3.2. DATA & METHODOLOGY

SSTs & Rainfall

«» SSTs: - observed seasonal SSTs from NOAA/CPC
- Nifio-3.4 SST anomaly ([5°S—5°N;170°-120°W])
- Tropical Atlantic SST anomaly dipole ([5°—20°N;60°-30°W]/[0°-20°S;30°W-10°E])

/

** Observed rainfall: -observed seasonally from dense network over Sertao Central region
-correlation analysis shows that the Sertao Central region can be
treated as a homogeneous region for daily rainfall

The number of stations with complete o
daily records used to calculate seasonal & s-
mean rainfall and daily rainfall statistics 55 /]
varies from 50 stations in the 1950s, 80 % E 5-
from the 1960s to 1980s, and 30 in the &~ :;
1990s £ g
" | | |
Mean seasonal rainfall display large 1950 1960 1970 .. 1980 1990 2000
interannual variations over the Sertao Observed Feb-May (FMAM) rainfall over the Sertdo

Central region Central region of Ceara




3.2. DATA & METHODOLOGY

Rainfall Hindcasts

A global with a nested regional model are used to generate rainfall hindcasts

+* Global model: ECHAMA4.5 at T42 spatial resolution (#2.8deg x 2.8deg)
(Roeckner et al, 1996)

/

** Regional model: NCEP Regional Spectral Model (RSM) at 60km spatial resolution
(Juang and Kanamitsu, 1994, Juang et al, 1997)

The RSM domain encompasses Brazil and the entire tropical Atlantic

R

» Experimental design: -10 ECHAMA4.5 members forced by observed SSTs over 1971-2000
-Related RSM members generated from 6hourly ECHAMA4.5
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



3.2. DATA & METHODOLOGY

Statistical Metrics

¢ Linear correlations: to examine relationships between climate & corn yields

¢ Linear regressions: to simulate corn wields from climate variables
+* Goodness-of-fit: 3 measures used to evaluate corn yields simulations,

— Coefficient _of determination r’> (square of correlation coefficient): describes the
proportion of the total variance of the observed corn yields explained by the climate
variables. One limitation is that its values are highly sensitive 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 insensitivity of r? to differences
in the observed and predicted means and variances

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

* Variance ratio: to estimate potential predictability of rainfall generated by the nested RSM.
It represents the proportion of the total variance that can be explained by SST forcing
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3.3. Climate variability & corn yields
3.3.1. Relationships between climate variables & corn yields

3.3.2. Corn yields simulations using observed climate data



3.3. CLIMATE VARIABILITY & CORN YIELDS

Relationships between climate variables & corn yields

X/

+* Hypotheses: \
Climate variables averaged over the whole growing
period are used due to limited climate predictability
@ Rainfall is the main limiting resource for crop
growth in semiarid tropical regions
_ (Barron et al, 2003; Hansen and Indeje, 2004)/ Linear regression with corn yields
a) Nino3.4 SST b) Trop. Aétlantic Dipole

r=-0.53¢

s Corn yields significantly correlated to Nino3.4 (a)
and tropical Atlantic dipole (b)

Corn Yield
porn Yield

s Corn yields generally associated with the seasonal
mean rainfall anomalies (c)

Normalized anomaly of
Normalized anomaly of

3 ®
Normalizéd Anomal.y of Normalizbd Atlantic SST
Nifio3.4 SST Anomaly Dipole

s Corn water stress due to a soil water deficit is often
associated with dry spells longer than 10 days ¢) Seasonal Mean Rainfall d) Nber of Long Dry Spells
=> Long dry spell definition: 10 or more consecutive =041 )
days with rainfall < 2mm/day)

Corn Yield
Q
Clorn Yield

Normalized anomaly of

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

Normalized anomaly of

D . -3
Normalized Anomaly of Normalized Anomaly of
Average FMAM Rainfall Dry Spell Number



3.3. CLIMATE VARIABILITY & CORN YIELDS

Relationships between climate variables & corn yields

(2’ Both frequency and duration of dry spells can affect corn yields \

. . .o e) Drought Index
=> use of a drought index to measure the severity of drought conditions:

Dindex = 2 LiW7
i=1

Normalized anomaly of
Corn Yield

1 ifL, <10
5 ifL;=10

where L; is the length of the ith dry spell and W = {

2
Normalized Anomaly of
Drought Index

f) Flooding,Index
1=0.22

Q‘ Dry spell definition: 3 or more consecutive days with rainfall < 2mm/day/

o0 e %
'y

B 2
[ )

+* Corn yields are correlated with normalized anomalies of drought index (e)

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

o
2

Normalized anomaly of Corn
Yield
[

3
Normalized Anomaly of
Flooding Index

o) Weather Index
r=-0.78 )

Normalized anomaly of
Corn Yield

o}
Normalized Anomaly of
Weather Index



3.3. CLIMATE VARIABILITY & CORN YIELDS

Relationships between climate variables & corn yields

% Because of the shallow soil layer, flooding conditions associated with wet\
spells in the region wash away corn plants, resulting in low plant density.
=> use of flooding index to measure the severity of flooding conditions:

Findex = E LiW’
i=1

where L, is the length of the ith wet spell and W = {

e)Drought Index

Normalized anomaly of
Corn Yield

1 ifL,<10
5 ifL; =10

2
Normalized Anomaly of
Drought Index

(2’ Wet spell definition: 3 or more consecutive days with rainfall>2mm/day/ f) Flooding, Index

r=0.22

o0 e %
'y

B 2
[ )

s Corn yields not significantly correlated with the flooding index (f) which
may be due to recurrent drought episodes and low frequency of wet
spell occurrences over the region

e 1 2

o
2

Normalized anomaly of Corn
Yield
[

3
Normalized Anomaly of
Flooding Index

o) Weather Index
r=-0.78 )

Normalized anomaly of
Corn Yield

o}
Normalized Anomaly of
Weather Index



3.3. CLIMATE VARIABILITY & CORN YIELDS

Relationships between climate variables & corn yields

¢ To combine the impact of drought and flooding conditions A
=> use of weather index to measure the severity of flooding conditions:
Dipgex if Djjpgex > 0
Windex = \ Dindex T Findex 1 Dingex =0 and  Fipgex > 1.5
Dhitoe = Mg MR o =0 anel Ui = LD
k where D', o/ F index @€ Normalized anomalies of drought/flooding index /

s Corn yields significantly correlated with the weather index (g) through a
quasi-linear relationship

=> The weather index appears as the best climate index to represent the
climate impacts on corn yields

N.B.: 1) the weather index is closely associated with seasonal mean rainfall
only when the weather index is extremely high or low
2) the weather index isn’t correlated with seasonal mean rainfall when
its variations are less than one standard deviation

=> The weather index can be treated as an independent variable except for
years with extreme anomalies

Normalized anomaly of

Normalized anomaly of Corn

Corn Yield

e)Drought Index

2
Normalized Anomaly of

Drought Index

f) Flooding,Index

r=0.22

Yield

-8 -2

[J
j..q -® .
L]

L] ._2 i

3
Normalized Anomaly of

Flooding Index

Normalized anomaly of

o) Weather Index

Corn Yield

r=-0.78

o}
Normalized Anomaly of

Weather Index




3.3. CLIMATE VARIABILITY & CORN YIELDS

Corn yields simulations using observed climate data

-
+* Each of the four climate variables (Nino3.4,
Atlantic dipole, seasonal mean rainfall and
weather index) are used to estimate corn yields

L by linear regression

N.B.: the distribution of these variables can be
approximated as normal as shown by observation
except for seasonal mean rainfall to which a Box and
Cox (1964) transformation is applied

e

% Leave-one-out cross validation:

@ For each year i, the model is solved by
linear regression using the observed corn
yields and the climatic variable from all of
the years except for the year i

@ The simulated yield is calculated from the
fitted slope, intercept and the observed
climatic variable for the year i

(Hansen and Indeje, 2004)

~

J

Corn Yield Anomaly Corn Yield Anomaly Corn Yield Anomaly

Corn Yield Anomaly

(Kg/ha)

(Kg/ha)

(Kg/ha)
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-600 —

Simulated corn yields anomalies
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3.3. CLIMATE VARIABILITY & CORN YIELDS

Corn yields simulations using observed climate data

p

7
0’0

~
The corn yields simulations using the weather

index tend to agree most closely with the
observations, and ranks first in all three

goodness-of-fit measures: )

o0

0

Nifio-3.4
Predictor SST

Weather
index

Seasonal
rainfall

Atlantic
dipole

r? 21.7
MAE (kg ha™') 128.4
d 0.61

10.4
144.0
0.49

19.2
130.5
0.59

56.8
91.0
0.85

— It accounts for 56.8% of yield variance
— It agrees most with observations (d=0.85)
— It has the least amount of errors (MAE=91.0)

The Nino-3.4 SST ranked second, followed by the
seasonal mean rainfall, while the Atlantic dipole
is the least effective predictor for the corn yield

No improvement with the “seasonal mean
rainfall” predictor relative to the SST indices

Simulated corn yields anomalies

" a) Nino3.4 SST —— Observation ----- Simulation
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OUTLINE

3.4. Corn yields potential predictability
3.4.1. Dynamical model validation: simulated climate indexes
3.4.2. Dynamical model validation: simulated corn yields anomalies



3.4. CORN YIELD POTENTIAL PREDICTABILITY

Dynamical model validation: simulated climate indexes

All four indexes are calculated for each of the 10
integrations on every model grid box, then the mean of
each index is computed over the 10 integrations and the
13 grid boxes over the region

Simulated climate indexes

Seasonal mean rainfall: the model simulated the
observed anomalies well, but produced relatively large
biases: 3/2 years with positive/negative biases

=> Model biases seem to be random

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

Flood index: hindcasts highly correlated with
observation but inter-annual variability stronger

Weather index: reproduces better inter-annual
variability, main biases are associated with biases of the
drought index

] a) Seasonal rainfall Observation ------ RSM
B r=0.84
53 4 0\
£ E 2 [
g E ol & £\
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3.4. CORN YIELD POTENTIAL PREDICTABILITY

Dynamical model validation: simulated climate indexes

Seasonal | Drought  Flooding  Weather
rainfall index index index
|r? 70.2 54.2 71.0 474 |

d 0.89 0.76 053 | 0.84 :
| Variance ratio 71 0.68 0.59 0.54

** The large values of the variance ratio for all four variables suggest that SST forcing has a
statistically significant and, therefore, predictable influence on the interannual variability of local
seasonal mean rainfall and weather statistics

*» Hindcasts show significant agreement with the observations and account for a large portion of
the observed variance for all four variables during the FMAM season

\
% Seasonal mean rainfall hindcasts agreed most closely with the observations and accounted for
most of the observed variance during the 30-yr period => highest potential for predictability
+
Seasonal rainfall model is able to capture the interannual variability of weather index which may

L significantly contribute to corn-yield predictions y




3.4. CORN YIELD POTENTIAL PREDICTABILITY

Dynamical model validation: simulated corn yields anomalies

/% Box and Cox (1964) transformation is applied to) Simulated corn yields anomalies

seasonal mean rainfall hindcasts so0 ). Seasonal rainfall

— Observation ----- Prediction

¢ Linear regression is applied to produce corn yields
simulations using transformed seasonal mean

rainfall and weather index from RSM model
output
/

Corn Yield Anonaly
(Kg/ha)
o

1970 1975 1980 1985 1990 1995 2000

b) Weather index

N
(=)
(=]

% Simulated corn yields using the seasonal mean
rainfall or the weather index are significantly
correlated with the observations

)
S
S

-400
-600

Corn Yield Anomaly
(Kg/ha)
o

% Although the RSM has better skill for the s e (@ [ e d8l 3
seasonal mean rainfall than the weather index, Year
yield simulations with the weather index are - N
better than those with the seasonal mean rainfall Poor corn yields simulations from 1975-82

e ™ Observed weather index exhibits large

* Corn simulation skill using the RSM weather inter-annual variability, and the model
index shows only a small shortfall from that using failed to reproduce the observed anomalies
observed weather index N J

=> Potentials for predictability!!!
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