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1.1.	
  THE	
  DOWNSCALING	
  PROBLEM	
  

MPI-­‐ESM-­‐LR	
  
1.875°	
  x	
  1.875°	
  

GCMs	
  coarse	
  resolu4on	
  (100s	
  km)	
  
Limited	
  by	
  compuMng	
  resources	
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1.1.	
  THE	
  DOWNSCALING	
  PROBLEM	
  

GCMs	
  coarse	
  resolu4on	
  (100s	
  km)	
  
⇒ Mesoscale	
  circulaMon	
  are	
  not	
  resolved	
  

⇒ Regional	
  scale	
  feedback	
  processes	
  poorly	
  represented	
  

MPI-­‐ESM-­‐LR	
  
1.875°	
  x	
  1.875°	
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1.1.	
  THE	
  DOWNSCALING	
  PROBLEM	
  

Given:	
  Large	
  scale	
  as	
  
provided	
  by	
  a	
  GCM	
  

experiment	
  

Wanted:	
  Regional	
  /	
  local	
  
scale	
  condiMons	
  

corresponding	
  to	
  large	
  
scale	
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w
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1.2.	
  DYNAMICAL	
  DOWNSCALING	
  

RCM	
  output	
  
Horizontal	
  resolu4on:	
  10s	
  km	
  

	
  
	
  
	
  
=>	
  BeZer	
  local	
  representa4on	
  	
  
	
  

GCM	
  output/Re-­‐analysis	
  
Horizontal	
  resolu4on:	
  100s	
  km	
  

Impacts	
  on:	
  
	
  
	
  

	
  -­‐> 	
  Land-­‐sea	
  mask	
  
	
  -­‐> 	
  Topography	
  
	
  -­‐> 	
  ConvecMon,	
  clouds,	
  rainfall	
  
	
  -­‐> 	
  Land-­‐atmosphere	
  interacMons	
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1.2.	
  DYNAMICAL	
  DOWNSCALING	
  

Global	
  Climate	
  
Model	
  (GCM)	
  

Regional	
  Climate	
  
Model	
  (RCM)	
  

+	
  	
  	
  Understanding	
  of	
  
the	
  mechanisms	
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1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.1. 	
  The	
  Weather	
  Research	
  &	
  Forecast	
  Model	
  (WRF)	
  
	
  

(Skamarock	
  et	
  al.,	
  2008)	
  
v Widely	
   used	
   over	
   the	
   past	
   decade	
   as	
   both	
   a	
   mesoscale	
  

weather	
  model	
  and	
  a	
  Regional	
  Climate	
  Model	
  (RCM)	
  

v Includes	
  several	
  physical	
  parameterizaMons	
  for:	
  
q Planetary	
  Boundary	
  Layer	
  (PBL)	
  
q Cumulus	
  
q Micro-­‐physics	
  
q Short-­‐/long-­‐wave	
  radiaMon	
  
q Land	
  Surface	
  Model	
  (LSM)	
  
amongst	
  others	
  …	
  
	
  

v Also	
   available,	
   nudging	
   and	
   internal	
   coupling	
   with	
   a	
   slab	
  
Ocean	
  Mixed	
  Layer	
  (OML)	
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1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  

Whenever	
  working	
  with	
  a	
  new	
  region,	
  first	
  choices	
  have	
  to	
  be	
  
made	
  regarding	
  the	
  following	
  
	
  
v SimulaMon	
  domain	
  (extent	
  &	
  resoluMon)	
  to	
  be	
  used	
  
	
  
v Physical	
  parameteriza4ons	
  favored	
  

=>	
  Control	
   simula4ons	
   need	
   to	
   be	
   performed	
   and	
   simulated	
  
output	
  compared	
  to	
  observa4on	
  prior	
  to	
  any	
  further	
  study	
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⇒ 	
  Make	
  a	
  control	
  run	
  forced	
  by	
  re-­‐analyses	
  to	
  evaluate	
  how	
  

the	
  RCM	
  simulates	
  present-­‐day	
  climate	
  of	
  the	
  region	
  

1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
①  	
  Control	
  simula4ons	
  
	
  
v  Control	
   run	
   can	
   be	
   expected	
   to	
   simulate	
   actual	
   weather	
   events,	
   and	
   can	
  

therefore	
  be	
  evaluated	
  using	
  actual	
  observa4ons	
  (e.g.,	
  from	
  staMons)	
  
	
  
v  The	
  run	
   iden4fies	
  model	
  strengths	
  and	
  weaknesses	
   in	
  simulaMng	
  the	
  climate	
  

of	
  a	
  given	
  region,	
  and	
  hence	
  can	
  be	
  used	
  to	
  iden4fy	
  model	
  biases	
  
	
  
v  3-­‐5	
  years	
  minimum	
  while	
   longer	
   is	
  beber,	
  but	
  high-­‐resoluMon	
  simulaMons	
  are	
  

quite	
  expensive	
  for	
  both	
  computer	
  and	
  human	
  resources	
  	
  
	
  	
  	
  	
  	
  	
  =>	
  find	
  the	
  right	
  balance	
  between	
  resolu4on	
  &	
  domain	
  size	
  



The International Research Institute
for Climate and Society

1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
①  	
  Control	
  simula4ons	
  
	
  
	
  
	
  
	
  
And	
  keep	
  in	
  mind…	
  
	
  
	
  
	
  
	
  
	
  
	
  

…	
  scales	
  maber!	
  

1km	
   	
   	
  100km	
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1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
①  	
  Control	
  simula4ons	
  

	
  

Experimental	
  domain	
  &	
  large-­‐scale	
  features	
  of	
  climate:	
  the	
  Caribbean	
  example	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

	
  

North	
  Pacific	
  HP	
   North	
  Atlan4c/
Bermuda-­‐Azores	
  HP	
  

Mean	
  May-­‐Nov	
  NCEP2	
  
MSLP	
  (1980-­‐2009)	
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1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
①  	
  Control	
  simula4ons	
  

	
  

Experimental	
  domain	
  &	
  large-­‐scale	
  features	
  of	
  climate:	
  the	
  Caribbean	
  example	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

	
  
Both	
  HP	
  cells	
  actually	
  
control	
  surface	
  winds	
  

paZerns	
  over	
  the	
  region	
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Figure 2: Mean 1980-2009 NCEP2 winds and geopotentials at 850hPa (a) and

200hPa (b), 850hPa moisture (red contours starting at and every ± 2 g.kg

�1) fluxes

(vectors in g.kg

�1
.m.s

�1), convergence (red/blue shadings corresponds to moisture

convergence/divergence in g.kg

�1
.m.s

�1 respectively) and specific humidity (c), but

also 500hPa vertical velocity (d) for the May to November period (MJJASON).

40

Importance	
  of	
  the	
  jet	
  
stream	
  at	
  upper-­‐

tropospheric	
  levels	
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1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
①  	
  Control	
  simula4ons	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

W
RF
	
  5
0k
m
	
  

W
RF
	
  9
0k
m
	
  

Mean	
  May-­‐Nov	
  WRF	
  simulated	
  and	
  NCEP2	
  850	
  hPa	
  winds	
  and	
  zonal	
  veloci4es	
  (shadings)	
  

NCEP2	
  forcings	
  
Biases	
  in	
  the	
  circula4on	
  associated	
  with	
  N	
  Pacific	
  HP	
  &	
  trades	
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1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
①  	
  Control	
  simula4ons	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
Border	
  effects	
  can	
  affect	
  simulated	
  dynamics	
  dramaMcally!!	
  

W
RF
	
  5
0k
m
	
  

W
RF
	
  9
0k
m
	
  

NCEP2	
   Differences	
  
With	
  impacts	
  on	
  regional	
  paZerns!!!	
  

CLLJ	
  shiced	
  to	
  the	
  NW	
  
+	
  SE/NW	
  4lt	
  not	
  found	
  in	
  observa4on	
  

More	
  discrepencies	
  
for	
  smaller	
  domain!!!	
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1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
①  	
  Control	
  simula4ons	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

Leading	
  to	
  consequent	
  biases	
  in	
  simulated	
  rainfall!!!	
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1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
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1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
①  	
  Control	
  simula4ons	
  
	
  
	
  
	
  
	
  

Need	
  to	
  reproduce	
  the	
  key	
  features	
  of	
  local	
  climate	
  
=>	
  Large-­‐scale	
  circula4on	
  paberns	
  versus	
  border	
  effects	
  

	
  
	
  
	
  
	
  
	
  

Leading	
  to	
  consequent	
  biases	
  in	
  simulated	
  rainfall!!!	
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1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
②  	
  Sensi4vity	
  simula4ons	
  
	
  
v Physical	
  parameteriza4ons:	
  many	
  at	
  disposal	
  depending	
  on	
  

the	
   RCM,	
   these	
   need	
   to	
   be	
   tested	
   as	
   they	
   translate	
   in	
  
different	
  numerical	
  soluMons	
  

	
  
⇒  	
   Make	
   sensi4vity	
   runs	
   to	
   physical	
   parameteriza4ons	
   to	
  

idenMfy	
  the	
  best	
  combinaMon	
  using	
  regional	
  observaMons	
  

(sMll	
  forced	
  by	
  re-­‐analyses)	
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ITCZ pattern is produced. This is partially consistent with
Flaounas et al. (2010), who found that simulated West

African ITCZ rainfall amounts are wetter when Kain-

Fritsch convective scheme (CU1) is combined with Yonsei
PBL scheme (PBL2). On the contrary, rainfall amounts

associated with the ITCZ (mainly near Madagascar) are

under-estimated with CU2, especially when combined with
PBL1 and PBL2. Rainfall biases are smaller with CU3,

showing weaker rainfall over-estimation over the

subcontinent than CU1, and under-estimation of the ITCZ
nearby Madagascar, as CU2. Consequently, CU schemes

seem to be the tested schemes that control most of seasonal

rainfall distribution, as well as their amounts, which is also
in agreement with previous studies (Wang and Seaman

1997; Gallus 1999). The weak rainfall amount biases

associated with IEM (Fig. 3e) result essentially from an
opposite behaviour between over-estimations produced by

CU1/CU3 and under-estimations produced by CU2.
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Fig. 3 Seasonal rainfall amounts (a) for GPCP estimations
(2!5 9 2!5), (b) ERA40 (2!5 9 2!5), and (c) averaged between the
27 experiments. Seasonal biases of (d) ERA40, (e) inter-experiment
mean (IEM), and (f) each WRF experiment against GPCP. For the
computation of WRF biases, GPCP data are projected onto WRF
grids. Associated RMS values are labeled in the figures. Upper,

middle and lower 3 9 3 blocks correspond, respectively, to CU1,
CU2 and CU3 schemes (see text and Table 1 for definition). For each
3 9 3 block, upper (left-hand), middle (middle) and lower (right-
hand) row (column) correspond to PBL1 (MP1), PBL2 (MP2) and
PBL3 (MP3), respectively
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Fig. 3 Seasonal rainfall amounts (a) for GPCP estimations
(2!5 9 2!5), (b) ERA40 (2!5 9 2!5), and (c) averaged between the
27 experiments. Seasonal biases of (d) ERA40, (e) inter-experiment
mean (IEM), and (f) each WRF experiment against GPCP. For the
computation of WRF biases, GPCP data are projected onto WRF
grids. Associated RMS values are labeled in the figures. Upper,

middle and lower 3 9 3 blocks correspond, respectively, to CU1,
CU2 and CU3 schemes (see text and Table 1 for definition). For each
3 9 3 block, upper (left-hand), middle (middle) and lower (right-
hand) row (column) correspond to PBL1 (MP1), PBL2 (MP2) and
PBL3 (MP3), respectively
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excessively weak. Analysis of WRF experiments (Fig. 4b)

first reveals that CU2 produces less than 10% of convective
rainfall. The spatial patterns displayed by the other two

cumulus schemes are more or less similar to ERA40,

though with stronger values. For CU1 and CU3, and con-
sistently with ERA40, three contrasted regions clearly

appear: (1) the Atlantic Ocean, where rainfall amounts are

almost null over the Benguela Current (Fig. 3), and pre-
dominantly result from stratiform processes; (2) SA and the

southwest Indian Ocean, where convective rainfall pre-
dominates; (3) southern mid-latitudes, where wave trains

embedded in the westerly winds essentially produce strat-

iform rainfall. Such results are consistent with seasonal
strong (weak) middle tropospheric ascents (not shown)

associated with CU1 and CU3 (CU2).

Convective rainfall simulated with CU1 and CU3 is
more in adequacy with the literature, making CU2 an

inappropriate cumulus scheme for SA during austral sum-

mer. Contrary to CU1 and CU3, for which vertical distri-
bution of heat and moisture depends on entraining/

detraining Plume, CU2 is a deep-layer control convective

scheme. Deep convection is only triggered when the dif-
ference between the cloud base and top is larger than

200 hPa, with significant amounts of moisture at low and

mid levels, and positive convective available potential
energy. Otherwise, CU2 produces shallow convection,

which seems to be the case here, explaining weak upward

vertical motions in the mid-troposphere (not shown).

3.2 Regional scale

The geography of South African seasonal rainfall biases is

also highly sensitive to physical schemes (Fig. 5). RMS

statistics vary from 82 mm (E18) to 286 mm (E5). They
are systematically stronger with PBL1, which tends to

simulate too much rainfall (in spite of dry biases around

Madagascar, Fig. 3f). CU1 and CU3 tend to produce wet
biases everywhere, mainly when combined with PBL1.

Wet biases are however systematically weaker with CU3,

as for the subcontinental scale. These configurations
accurately reproduce the observed west to east rainfall

gradient (Fig. 1b). On the contrary, CU2 clearly increases

it by under-estimating (over-estimating) rainfall amounts in
the western (eastern) part of the domain, mainly when

combined with PBL2 and PBL3.

Spatial indexes are lastly considered to summarize the
sensitivity of seasonal South African rainfall amounts to

the tested physical package (Fig. 6). Compared to rain-

gauges, WRF over-estimates rainfall amounts whatever
tested physical configuration, while ERA40 under-esti-

mates them by 50 mm. Simulated rainfall amounts vary

between 250 mm (E15) and 500 mm (E1). PBL1 seems
once again to generate too much rainfall, particularly when
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Fig. 5 Seasonal biases (in mm) of cumulated DJF94 rainfall amounts
for each WRF experiment against rain-gauge records projected onto
the WRF grids over tropical South Africa. Associated RMS values are
labeled in the figures. Experiments are ordered as for Fig. 3f
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first reveals that CU2 produces less than 10% of convective
rainfall. The spatial patterns displayed by the other two

cumulus schemes are more or less similar to ERA40,

though with stronger values. For CU1 and CU3, and con-
sistently with ERA40, three contrasted regions clearly

appear: (1) the Atlantic Ocean, where rainfall amounts are

almost null over the Benguela Current (Fig. 3), and pre-
dominantly result from stratiform processes; (2) SA and the

southwest Indian Ocean, where convective rainfall pre-
dominates; (3) southern mid-latitudes, where wave trains

embedded in the westerly winds essentially produce strat-

iform rainfall. Such results are consistent with seasonal
strong (weak) middle tropospheric ascents (not shown)

associated with CU1 and CU3 (CU2).

Convective rainfall simulated with CU1 and CU3 is
more in adequacy with the literature, making CU2 an

inappropriate cumulus scheme for SA during austral sum-

mer. Contrary to CU1 and CU3, for which vertical distri-
bution of heat and moisture depends on entraining/

detraining Plume, CU2 is a deep-layer control convective

scheme. Deep convection is only triggered when the dif-
ference between the cloud base and top is larger than

200 hPa, with significant amounts of moisture at low and

mid levels, and positive convective available potential
energy. Otherwise, CU2 produces shallow convection,

which seems to be the case here, explaining weak upward
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simulate too much rainfall (in spite of dry biases around

Madagascar, Fig. 3f). CU1 and CU3 tend to produce wet
biases everywhere, mainly when combined with PBL1.

Wet biases are however systematically weaker with CU3,

as for the subcontinental scale. These configurations
accurately reproduce the observed west to east rainfall

gradient (Fig. 1b). On the contrary, CU2 clearly increases

it by under-estimating (over-estimating) rainfall amounts in
the western (eastern) part of the domain, mainly when

combined with PBL2 and PBL3.

Spatial indexes are lastly considered to summarize the
sensitivity of seasonal South African rainfall amounts to

the tested physical package (Fig. 6). Compared to rain-

gauges, WRF over-estimates rainfall amounts whatever
tested physical configuration, while ERA40 under-esti-

mates them by 50 mm. Simulated rainfall amounts vary

between 250 mm (E15) and 500 mm (E1). PBL1 seems
once again to generate too much rainfall, particularly when
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for each WRF experiment against rain-gauge records projected onto
the WRF grids over tropical South Africa. Associated RMS values are
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ITCZ pattern is produced. This is partially consistent with
Flaounas et al. (2010), who found that simulated West

African ITCZ rainfall amounts are wetter when Kain-

Fritsch convective scheme (CU1) is combined with Yonsei
PBL scheme (PBL2). On the contrary, rainfall amounts

associated with the ITCZ (mainly near Madagascar) are

under-estimated with CU2, especially when combined with
PBL1 and PBL2. Rainfall biases are smaller with CU3,

showing weaker rainfall over-estimation over the

subcontinent than CU1, and under-estimation of the ITCZ
nearby Madagascar, as CU2. Consequently, CU schemes

seem to be the tested schemes that control most of seasonal

rainfall distribution, as well as their amounts, which is also
in agreement with previous studies (Wang and Seaman

1997; Gallus 1999). The weak rainfall amount biases

associated with IEM (Fig. 3e) result essentially from an
opposite behaviour between over-estimations produced by

CU1/CU3 and under-estimations produced by CU2.
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Fig. 3 Seasonal rainfall amounts (a) for GPCP estimations
(2!5 9 2!5), (b) ERA40 (2!5 9 2!5), and (c) averaged between the
27 experiments. Seasonal biases of (d) ERA40, (e) inter-experiment
mean (IEM), and (f) each WRF experiment against GPCP. For the
computation of WRF biases, GPCP data are projected onto WRF
grids. Associated RMS values are labeled in the figures. Upper,

middle and lower 3 9 3 blocks correspond, respectively, to CU1,
CU2 and CU3 schemes (see text and Table 1 for definition). For each
3 9 3 block, upper (left-hand), middle (middle) and lower (right-
hand) row (column) correspond to PBL1 (MP1), PBL2 (MP2) and
PBL3 (MP3), respectively

618 J. Crétat et al.: Uncertainties in simulating regional climate of Southern Africa

123

ITCZ pattern is produced. This is partially consistent with
Flaounas et al. (2010), who found that simulated West

African ITCZ rainfall amounts are wetter when Kain-

Fritsch convective scheme (CU1) is combined with Yonsei
PBL scheme (PBL2). On the contrary, rainfall amounts

associated with the ITCZ (mainly near Madagascar) are

under-estimated with CU2, especially when combined with
PBL1 and PBL2. Rainfall biases are smaller with CU3,

showing weaker rainfall over-estimation over the

subcontinent than CU1, and under-estimation of the ITCZ
nearby Madagascar, as CU2. Consequently, CU schemes

seem to be the tested schemes that control most of seasonal

rainfall distribution, as well as their amounts, which is also
in agreement with previous studies (Wang and Seaman

1997; Gallus 1999). The weak rainfall amount biases

associated with IEM (Fig. 3e) result essentially from an
opposite behaviour between over-estimations produced by

CU1/CU3 and under-estimations produced by CU2.

0
200

400
600

800
1000 -1000

-500
0

500
1000

E1

RMS: 175.59

E2

RMS: 179.75

E3

RMS: 177.04
E10

RMS: 208.31

E11

RMS: 189.68

E12

RMS: 271.33
E19

RMS: 273.07

E20

RMS: 211.2

E21

RMS: 328.25
E4

RMS: 220.37

E5

RMS: 228.16

E6

RMS: 203.95
E13

RMS: 227.62

E14

RMS: 237.6

E15

RMS: 194.15
E22

RMS: 204.29

E23

RMS: 201.51

E24

RMS: 197.07
E7

RMS: 171.04

E8

RMS: 179.77

E9

RMS: 167.36
E16

RMS: 163.92

E17

RMS: 165.89

E18

RMS: 165.44
E25

RMS: 160.86

E26

RMS: 158.59

E27

RMS: 164.36

(f) Biases of the 27 experiments
MP1 MP2 MP3

PBL1

PBL2

PBL3

PBL1

PBL2

PBL3

PBL1

PBL2

PBL3

CU1

CU2

CU3

10°E 20°E 30°E 40°E 50°E

40°S

32°S

24°S

16°S

8°S

(b) ERA40

10°E 20°E 30°E 40°E 50°E

40°S

32°S

24°S

16°S

8°S

(c) IEM

10°E 20°E 30°E 40°E 50°E

40°S

32°S

24°S

16°S

8°S

 (e) IEM biases

RMS: 116.11 
40°S

32°S

24°S

16°S

8°S

 (d) ERA40 biases

10°E 20°E 30°E 40°E 50°E

10°E 20°E 30°E 40°E 50°E

40°S

32°S

24°S

16°S

8°S

RMS: 111.8

mm
mm

(a) GPCP

Fig. 3 Seasonal rainfall amounts (a) for GPCP estimations
(2!5 9 2!5), (b) ERA40 (2!5 9 2!5), and (c) averaged between the
27 experiments. Seasonal biases of (d) ERA40, (e) inter-experiment
mean (IEM), and (f) each WRF experiment against GPCP. For the
computation of WRF biases, GPCP data are projected onto WRF
grids. Associated RMS values are labeled in the figures. Upper,

middle and lower 3 9 3 blocks correspond, respectively, to CU1,
CU2 and CU3 schemes (see text and Table 1 for definition). For each
3 9 3 block, upper (left-hand), middle (middle) and lower (right-
hand) row (column) correspond to PBL1 (MP1), PBL2 (MP2) and
PBL3 (MP3), respectively
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excessively weak. Analysis of WRF experiments (Fig. 4b)

first reveals that CU2 produces less than 10% of convective
rainfall. The spatial patterns displayed by the other two

cumulus schemes are more or less similar to ERA40,

though with stronger values. For CU1 and CU3, and con-
sistently with ERA40, three contrasted regions clearly

appear: (1) the Atlantic Ocean, where rainfall amounts are

almost null over the Benguela Current (Fig. 3), and pre-
dominantly result from stratiform processes; (2) SA and the

southwest Indian Ocean, where convective rainfall pre-
dominates; (3) southern mid-latitudes, where wave trains

embedded in the westerly winds essentially produce strat-

iform rainfall. Such results are consistent with seasonal
strong (weak) middle tropospheric ascents (not shown)

associated with CU1 and CU3 (CU2).

Convective rainfall simulated with CU1 and CU3 is
more in adequacy with the literature, making CU2 an

inappropriate cumulus scheme for SA during austral sum-

mer. Contrary to CU1 and CU3, for which vertical distri-
bution of heat and moisture depends on entraining/

detraining Plume, CU2 is a deep-layer control convective

scheme. Deep convection is only triggered when the dif-
ference between the cloud base and top is larger than

200 hPa, with significant amounts of moisture at low and

mid levels, and positive convective available potential
energy. Otherwise, CU2 produces shallow convection,

which seems to be the case here, explaining weak upward

vertical motions in the mid-troposphere (not shown).

3.2 Regional scale

The geography of South African seasonal rainfall biases is

also highly sensitive to physical schemes (Fig. 5). RMS

statistics vary from 82 mm (E18) to 286 mm (E5). They
are systematically stronger with PBL1, which tends to

simulate too much rainfall (in spite of dry biases around

Madagascar, Fig. 3f). CU1 and CU3 tend to produce wet
biases everywhere, mainly when combined with PBL1.

Wet biases are however systematically weaker with CU3,

as for the subcontinental scale. These configurations
accurately reproduce the observed west to east rainfall

gradient (Fig. 1b). On the contrary, CU2 clearly increases

it by under-estimating (over-estimating) rainfall amounts in
the western (eastern) part of the domain, mainly when

combined with PBL2 and PBL3.

Spatial indexes are lastly considered to summarize the
sensitivity of seasonal South African rainfall amounts to

the tested physical package (Fig. 6). Compared to rain-

gauges, WRF over-estimates rainfall amounts whatever
tested physical configuration, while ERA40 under-esti-

mates them by 50 mm. Simulated rainfall amounts vary

between 250 mm (E15) and 500 mm (E1). PBL1 seems
once again to generate too much rainfall, particularly when
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Fig. 5 Seasonal biases (in mm) of cumulated DJF94 rainfall amounts
for each WRF experiment against rain-gauge records projected onto
the WRF grids over tropical South Africa. Associated RMS values are
labeled in the figures. Experiments are ordered as for Fig. 3f
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ITCZ pattern is produced. This is partially consistent with
Flaounas et al. (2010), who found that simulated West

African ITCZ rainfall amounts are wetter when Kain-

Fritsch convective scheme (CU1) is combined with Yonsei
PBL scheme (PBL2). On the contrary, rainfall amounts

associated with the ITCZ (mainly near Madagascar) are

under-estimated with CU2, especially when combined with
PBL1 and PBL2. Rainfall biases are smaller with CU3,

showing weaker rainfall over-estimation over the

subcontinent than CU1, and under-estimation of the ITCZ
nearby Madagascar, as CU2. Consequently, CU schemes

seem to be the tested schemes that control most of seasonal

rainfall distribution, as well as their amounts, which is also
in agreement with previous studies (Wang and Seaman

1997; Gallus 1999). The weak rainfall amount biases

associated with IEM (Fig. 3e) result essentially from an
opposite behaviour between over-estimations produced by

CU1/CU3 and under-estimations produced by CU2.
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Fig. 3 Seasonal rainfall amounts (a) for GPCP estimations
(2!5 9 2!5), (b) ERA40 (2!5 9 2!5), and (c) averaged between the
27 experiments. Seasonal biases of (d) ERA40, (e) inter-experiment
mean (IEM), and (f) each WRF experiment against GPCP. For the
computation of WRF biases, GPCP data are projected onto WRF
grids. Associated RMS values are labeled in the figures. Upper,

middle and lower 3 9 3 blocks correspond, respectively, to CU1,
CU2 and CU3 schemes (see text and Table 1 for definition). For each
3 9 3 block, upper (left-hand), middle (middle) and lower (right-
hand) row (column) correspond to PBL1 (MP1), PBL2 (MP2) and
PBL3 (MP3), respectively
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excessively weak. Analysis of WRF experiments (Fig. 4b)

first reveals that CU2 produces less than 10% of convective
rainfall. The spatial patterns displayed by the other two

cumulus schemes are more or less similar to ERA40,

though with stronger values. For CU1 and CU3, and con-
sistently with ERA40, three contrasted regions clearly

appear: (1) the Atlantic Ocean, where rainfall amounts are

almost null over the Benguela Current (Fig. 3), and pre-
dominantly result from stratiform processes; (2) SA and the

southwest Indian Ocean, where convective rainfall pre-
dominates; (3) southern mid-latitudes, where wave trains

embedded in the westerly winds essentially produce strat-

iform rainfall. Such results are consistent with seasonal
strong (weak) middle tropospheric ascents (not shown)

associated with CU1 and CU3 (CU2).

Convective rainfall simulated with CU1 and CU3 is
more in adequacy with the literature, making CU2 an

inappropriate cumulus scheme for SA during austral sum-

mer. Contrary to CU1 and CU3, for which vertical distri-
bution of heat and moisture depends on entraining/

detraining Plume, CU2 is a deep-layer control convective

scheme. Deep convection is only triggered when the dif-
ference between the cloud base and top is larger than

200 hPa, with significant amounts of moisture at low and

mid levels, and positive convective available potential
energy. Otherwise, CU2 produces shallow convection,

which seems to be the case here, explaining weak upward

vertical motions in the mid-troposphere (not shown).

3.2 Regional scale

The geography of South African seasonal rainfall biases is

also highly sensitive to physical schemes (Fig. 5). RMS

statistics vary from 82 mm (E18) to 286 mm (E5). They
are systematically stronger with PBL1, which tends to

simulate too much rainfall (in spite of dry biases around

Madagascar, Fig. 3f). CU1 and CU3 tend to produce wet
biases everywhere, mainly when combined with PBL1.

Wet biases are however systematically weaker with CU3,

as for the subcontinental scale. These configurations
accurately reproduce the observed west to east rainfall

gradient (Fig. 1b). On the contrary, CU2 clearly increases

it by under-estimating (over-estimating) rainfall amounts in
the western (eastern) part of the domain, mainly when

combined with PBL2 and PBL3.

Spatial indexes are lastly considered to summarize the
sensitivity of seasonal South African rainfall amounts to

the tested physical package (Fig. 6). Compared to rain-

gauges, WRF over-estimates rainfall amounts whatever
tested physical configuration, while ERA40 under-esti-

mates them by 50 mm. Simulated rainfall amounts vary

between 250 mm (E15) and 500 mm (E1). PBL1 seems
once again to generate too much rainfall, particularly when
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Fig. 5 Seasonal biases (in mm) of cumulated DJF94 rainfall amounts
for each WRF experiment against rain-gauge records projected onto
the WRF grids over tropical South Africa. Associated RMS values are
labeled in the figures. Experiments are ordered as for Fig. 3f
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excessively weak. Analysis of WRF experiments (Fig. 4b)

first reveals that CU2 produces less than 10% of convective
rainfall. The spatial patterns displayed by the other two

cumulus schemes are more or less similar to ERA40,

though with stronger values. For CU1 and CU3, and con-
sistently with ERA40, three contrasted regions clearly

appear: (1) the Atlantic Ocean, where rainfall amounts are

almost null over the Benguela Current (Fig. 3), and pre-
dominantly result from stratiform processes; (2) SA and the

southwest Indian Ocean, where convective rainfall pre-
dominates; (3) southern mid-latitudes, where wave trains

embedded in the westerly winds essentially produce strat-

iform rainfall. Such results are consistent with seasonal
strong (weak) middle tropospheric ascents (not shown)

associated with CU1 and CU3 (CU2).

Convective rainfall simulated with CU1 and CU3 is
more in adequacy with the literature, making CU2 an

inappropriate cumulus scheme for SA during austral sum-

mer. Contrary to CU1 and CU3, for which vertical distri-
bution of heat and moisture depends on entraining/

detraining Plume, CU2 is a deep-layer control convective

scheme. Deep convection is only triggered when the dif-
ference between the cloud base and top is larger than

200 hPa, with significant amounts of moisture at low and

mid levels, and positive convective available potential
energy. Otherwise, CU2 produces shallow convection,

which seems to be the case here, explaining weak upward

vertical motions in the mid-troposphere (not shown).

3.2 Regional scale

The geography of South African seasonal rainfall biases is

also highly sensitive to physical schemes (Fig. 5). RMS

statistics vary from 82 mm (E18) to 286 mm (E5). They
are systematically stronger with PBL1, which tends to

simulate too much rainfall (in spite of dry biases around

Madagascar, Fig. 3f). CU1 and CU3 tend to produce wet
biases everywhere, mainly when combined with PBL1.

Wet biases are however systematically weaker with CU3,

as for the subcontinental scale. These configurations
accurately reproduce the observed west to east rainfall

gradient (Fig. 1b). On the contrary, CU2 clearly increases

it by under-estimating (over-estimating) rainfall amounts in
the western (eastern) part of the domain, mainly when

combined with PBL2 and PBL3.

Spatial indexes are lastly considered to summarize the
sensitivity of seasonal South African rainfall amounts to

the tested physical package (Fig. 6). Compared to rain-

gauges, WRF over-estimates rainfall amounts whatever
tested physical configuration, while ERA40 under-esti-

mates them by 50 mm. Simulated rainfall amounts vary

between 250 mm (E15) and 500 mm (E1). PBL1 seems
once again to generate too much rainfall, particularly when
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Fig. 5 Seasonal biases (in mm) of cumulated DJF94 rainfall amounts
for each WRF experiment against rain-gauge records projected onto
the WRF grids over tropical South Africa. Associated RMS values are
labeled in the figures. Experiments are ordered as for Fig. 3f

620 J. Crétat et al.: Uncertainties in simulating regional climate of Southern Africa

123

Versus	
  sta)on	
  data	
  Versus	
  GPCP	
  

WRF	
  35	
  km	
  (ERA40)	
  
Dec	
  1993-­‐Feb	
  1994	
  
	
  



The International Research Institute
for Climate and Society

1.3.	
  REGIONAL	
  CLIMATE	
  MODELING	
  

1.3.2. 	
  Experimental	
  setup	
  &	
  Uncertain4es	
  
	
  
②  	
  Sensi4vity	
  simula4ons	
  	
  +	
  for	
  different	
  cumulus	
  schemes!	
  
	
  
	
  
v Physical	
  

Cretat	
  et	
  al	
  (2011)	
  
Cretat	
  et	
  al	
  (2012)	
  

ITCZ pattern is produced. This is partially consistent with
Flaounas et al. (2010), who found that simulated West

African ITCZ rainfall amounts are wetter when Kain-

Fritsch convective scheme (CU1) is combined with Yonsei
PBL scheme (PBL2). On the contrary, rainfall amounts

associated with the ITCZ (mainly near Madagascar) are

under-estimated with CU2, especially when combined with
PBL1 and PBL2. Rainfall biases are smaller with CU3,

showing weaker rainfall over-estimation over the

subcontinent than CU1, and under-estimation of the ITCZ
nearby Madagascar, as CU2. Consequently, CU schemes

seem to be the tested schemes that control most of seasonal

rainfall distribution, as well as their amounts, which is also
in agreement with previous studies (Wang and Seaman

1997; Gallus 1999). The weak rainfall amount biases

associated with IEM (Fig. 3e) result essentially from an
opposite behaviour between over-estimations produced by

CU1/CU3 and under-estimations produced by CU2.
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Fig. 3 Seasonal rainfall amounts (a) for GPCP estimations
(2!5 9 2!5), (b) ERA40 (2!5 9 2!5), and (c) averaged between the
27 experiments. Seasonal biases of (d) ERA40, (e) inter-experiment
mean (IEM), and (f) each WRF experiment against GPCP. For the
computation of WRF biases, GPCP data are projected onto WRF
grids. Associated RMS values are labeled in the figures. Upper,

middle and lower 3 9 3 blocks correspond, respectively, to CU1,
CU2 and CU3 schemes (see text and Table 1 for definition). For each
3 9 3 block, upper (left-hand), middle (middle) and lower (right-
hand) row (column) correspond to PBL1 (MP1), PBL2 (MP2) and
PBL3 (MP3), respectively
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excessively weak. Analysis of WRF experiments (Fig. 4b)

first reveals that CU2 produces less than 10% of convective
rainfall. The spatial patterns displayed by the other two

cumulus schemes are more or less similar to ERA40,

though with stronger values. For CU1 and CU3, and con-
sistently with ERA40, three contrasted regions clearly

appear: (1) the Atlantic Ocean, where rainfall amounts are

almost null over the Benguela Current (Fig. 3), and pre-
dominantly result from stratiform processes; (2) SA and the

southwest Indian Ocean, where convective rainfall pre-
dominates; (3) southern mid-latitudes, where wave trains

embedded in the westerly winds essentially produce strat-

iform rainfall. Such results are consistent with seasonal
strong (weak) middle tropospheric ascents (not shown)

associated with CU1 and CU3 (CU2).

Convective rainfall simulated with CU1 and CU3 is
more in adequacy with the literature, making CU2 an

inappropriate cumulus scheme for SA during austral sum-

mer. Contrary to CU1 and CU3, for which vertical distri-
bution of heat and moisture depends on entraining/

detraining Plume, CU2 is a deep-layer control convective

scheme. Deep convection is only triggered when the dif-
ference between the cloud base and top is larger than

200 hPa, with significant amounts of moisture at low and

mid levels, and positive convective available potential
energy. Otherwise, CU2 produces shallow convection,

which seems to be the case here, explaining weak upward

vertical motions in the mid-troposphere (not shown).

3.2 Regional scale

The geography of South African seasonal rainfall biases is

also highly sensitive to physical schemes (Fig. 5). RMS

statistics vary from 82 mm (E18) to 286 mm (E5). They
are systematically stronger with PBL1, which tends to

simulate too much rainfall (in spite of dry biases around

Madagascar, Fig. 3f). CU1 and CU3 tend to produce wet
biases everywhere, mainly when combined with PBL1.

Wet biases are however systematically weaker with CU3,

as for the subcontinental scale. These configurations
accurately reproduce the observed west to east rainfall

gradient (Fig. 1b). On the contrary, CU2 clearly increases

it by under-estimating (over-estimating) rainfall amounts in
the western (eastern) part of the domain, mainly when

combined with PBL2 and PBL3.

Spatial indexes are lastly considered to summarize the
sensitivity of seasonal South African rainfall amounts to

the tested physical package (Fig. 6). Compared to rain-

gauges, WRF over-estimates rainfall amounts whatever
tested physical configuration, while ERA40 under-esti-

mates them by 50 mm. Simulated rainfall amounts vary

between 250 mm (E15) and 500 mm (E1). PBL1 seems
once again to generate too much rainfall, particularly when
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Fig. 5 Seasonal biases (in mm) of cumulated DJF94 rainfall amounts
for each WRF experiment against rain-gauge records projected onto
the WRF grids over tropical South Africa. Associated RMS values are
labeled in the figures. Experiments are ordered as for Fig. 3f
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excessively weak. Analysis of WRF experiments (Fig. 4b)

first reveals that CU2 produces less than 10% of convective
rainfall. The spatial patterns displayed by the other two

cumulus schemes are more or less similar to ERA40,

though with stronger values. For CU1 and CU3, and con-
sistently with ERA40, three contrasted regions clearly

appear: (1) the Atlantic Ocean, where rainfall amounts are

almost null over the Benguela Current (Fig. 3), and pre-
dominantly result from stratiform processes; (2) SA and the

southwest Indian Ocean, where convective rainfall pre-
dominates; (3) southern mid-latitudes, where wave trains

embedded in the westerly winds essentially produce strat-

iform rainfall. Such results are consistent with seasonal
strong (weak) middle tropospheric ascents (not shown)

associated with CU1 and CU3 (CU2).

Convective rainfall simulated with CU1 and CU3 is
more in adequacy with the literature, making CU2 an

inappropriate cumulus scheme for SA during austral sum-

mer. Contrary to CU1 and CU3, for which vertical distri-
bution of heat and moisture depends on entraining/

detraining Plume, CU2 is a deep-layer control convective

scheme. Deep convection is only triggered when the dif-
ference between the cloud base and top is larger than

200 hPa, with significant amounts of moisture at low and

mid levels, and positive convective available potential
energy. Otherwise, CU2 produces shallow convection,

which seems to be the case here, explaining weak upward

vertical motions in the mid-troposphere (not shown).

3.2 Regional scale

The geography of South African seasonal rainfall biases is

also highly sensitive to physical schemes (Fig. 5). RMS

statistics vary from 82 mm (E18) to 286 mm (E5). They
are systematically stronger with PBL1, which tends to

simulate too much rainfall (in spite of dry biases around

Madagascar, Fig. 3f). CU1 and CU3 tend to produce wet
biases everywhere, mainly when combined with PBL1.

Wet biases are however systematically weaker with CU3,

as for the subcontinental scale. These configurations
accurately reproduce the observed west to east rainfall

gradient (Fig. 1b). On the contrary, CU2 clearly increases

it by under-estimating (over-estimating) rainfall amounts in
the western (eastern) part of the domain, mainly when

combined with PBL2 and PBL3.

Spatial indexes are lastly considered to summarize the
sensitivity of seasonal South African rainfall amounts to

the tested physical package (Fig. 6). Compared to rain-

gauges, WRF over-estimates rainfall amounts whatever
tested physical configuration, while ERA40 under-esti-

mates them by 50 mm. Simulated rainfall amounts vary

between 250 mm (E15) and 500 mm (E1). PBL1 seems
once again to generate too much rainfall, particularly when
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Fig. 5 Seasonal biases (in mm) of cumulated DJF94 rainfall amounts
for each WRF experiment against rain-gauge records projected onto
the WRF grids over tropical South Africa. Associated RMS values are
labeled in the figures. Experiments are ordered as for Fig. 3f
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ITCZ pattern is produced. This is partially consistent with
Flaounas et al. (2010), who found that simulated West

African ITCZ rainfall amounts are wetter when Kain-

Fritsch convective scheme (CU1) is combined with Yonsei
PBL scheme (PBL2). On the contrary, rainfall amounts

associated with the ITCZ (mainly near Madagascar) are

under-estimated with CU2, especially when combined with
PBL1 and PBL2. Rainfall biases are smaller with CU3,

showing weaker rainfall over-estimation over the

subcontinent than CU1, and under-estimation of the ITCZ
nearby Madagascar, as CU2. Consequently, CU schemes

seem to be the tested schemes that control most of seasonal

rainfall distribution, as well as their amounts, which is also
in agreement with previous studies (Wang and Seaman

1997; Gallus 1999). The weak rainfall amount biases

associated with IEM (Fig. 3e) result essentially from an
opposite behaviour between over-estimations produced by

CU1/CU3 and under-estimations produced by CU2.
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Fig. 3 Seasonal rainfall amounts (a) for GPCP estimations
(2!5 9 2!5), (b) ERA40 (2!5 9 2!5), and (c) averaged between the
27 experiments. Seasonal biases of (d) ERA40, (e) inter-experiment
mean (IEM), and (f) each WRF experiment against GPCP. For the
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hand) row (column) correspond to PBL1 (MP1), PBL2 (MP2) and
PBL3 (MP3), respectively
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ITCZ pattern is produced. This is partially consistent with
Flaounas et al. (2010), who found that simulated West

African ITCZ rainfall amounts are wetter when Kain-

Fritsch convective scheme (CU1) is combined with Yonsei
PBL scheme (PBL2). On the contrary, rainfall amounts

associated with the ITCZ (mainly near Madagascar) are

under-estimated with CU2, especially when combined with
PBL1 and PBL2. Rainfall biases are smaller with CU3,

showing weaker rainfall over-estimation over the

subcontinent than CU1, and under-estimation of the ITCZ
nearby Madagascar, as CU2. Consequently, CU schemes

seem to be the tested schemes that control most of seasonal

rainfall distribution, as well as their amounts, which is also
in agreement with previous studies (Wang and Seaman

1997; Gallus 1999). The weak rainfall amount biases

associated with IEM (Fig. 3e) result essentially from an
opposite behaviour between over-estimations produced by

CU1/CU3 and under-estimations produced by CU2.
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ITCZ pattern is produced. This is partially consistent with
Flaounas et al. (2010), who found that simulated West

African ITCZ rainfall amounts are wetter when Kain-

Fritsch convective scheme (CU1) is combined with Yonsei
PBL scheme (PBL2). On the contrary, rainfall amounts

associated with the ITCZ (mainly near Madagascar) are

under-estimated with CU2, especially when combined with
PBL1 and PBL2. Rainfall biases are smaller with CU3,

showing weaker rainfall over-estimation over the

subcontinent than CU1, and under-estimation of the ITCZ
nearby Madagascar, as CU2. Consequently, CU schemes

seem to be the tested schemes that control most of seasonal

rainfall distribution, as well as their amounts, which is also
in agreement with previous studies (Wang and Seaman

1997; Gallus 1999). The weak rainfall amount biases

associated with IEM (Fig. 3e) result essentially from an
opposite behaviour between over-estimations produced by

CU1/CU3 and under-estimations produced by CU2.
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PBL3 (MP3), respectively
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excessively weak. Analysis of WRF experiments (Fig. 4b)

first reveals that CU2 produces less than 10% of convective
rainfall. The spatial patterns displayed by the other two

cumulus schemes are more or less similar to ERA40,

though with stronger values. For CU1 and CU3, and con-
sistently with ERA40, three contrasted regions clearly

appear: (1) the Atlantic Ocean, where rainfall amounts are

almost null over the Benguela Current (Fig. 3), and pre-
dominantly result from stratiform processes; (2) SA and the

southwest Indian Ocean, where convective rainfall pre-
dominates; (3) southern mid-latitudes, where wave trains

embedded in the westerly winds essentially produce strat-

iform rainfall. Such results are consistent with seasonal
strong (weak) middle tropospheric ascents (not shown)

associated with CU1 and CU3 (CU2).

Convective rainfall simulated with CU1 and CU3 is
more in adequacy with the literature, making CU2 an

inappropriate cumulus scheme for SA during austral sum-

mer. Contrary to CU1 and CU3, for which vertical distri-
bution of heat and moisture depends on entraining/

detraining Plume, CU2 is a deep-layer control convective

scheme. Deep convection is only triggered when the dif-
ference between the cloud base and top is larger than

200 hPa, with significant amounts of moisture at low and

mid levels, and positive convective available potential
energy. Otherwise, CU2 produces shallow convection,

which seems to be the case here, explaining weak upward

vertical motions in the mid-troposphere (not shown).

3.2 Regional scale

The geography of South African seasonal rainfall biases is

also highly sensitive to physical schemes (Fig. 5). RMS

statistics vary from 82 mm (E18) to 286 mm (E5). They
are systematically stronger with PBL1, which tends to

simulate too much rainfall (in spite of dry biases around

Madagascar, Fig. 3f). CU1 and CU3 tend to produce wet
biases everywhere, mainly when combined with PBL1.

Wet biases are however systematically weaker with CU3,

as for the subcontinental scale. These configurations
accurately reproduce the observed west to east rainfall

gradient (Fig. 1b). On the contrary, CU2 clearly increases

it by under-estimating (over-estimating) rainfall amounts in
the western (eastern) part of the domain, mainly when

combined with PBL2 and PBL3.

Spatial indexes are lastly considered to summarize the
sensitivity of seasonal South African rainfall amounts to

the tested physical package (Fig. 6). Compared to rain-

gauges, WRF over-estimates rainfall amounts whatever
tested physical configuration, while ERA40 under-esti-

mates them by 50 mm. Simulated rainfall amounts vary

between 250 mm (E15) and 500 mm (E1). PBL1 seems
once again to generate too much rainfall, particularly when
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Fig. 5 Seasonal biases (in mm) of cumulated DJF94 rainfall amounts
for each WRF experiment against rain-gauge records projected onto
the WRF grids over tropical South Africa. Associated RMS values are
labeled in the figures. Experiments are ordered as for Fig. 3f
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2.1.	
  SUB-­‐SEASONAL	
  CLIMATE	
  VARIABILITY	
  
«	
  Bridging	
  the	
  gap	
  between	
  weather	
  &	
  climate»	
  

	
  
v  The	
  WWRP/WCRP	
  Sub-­‐seasonal	
  to	
  Seasonal	
  (S2S)	
  ini4a4ve:	
  

	
  
Ø  The	
  WMO	
  Commission	
  of	
  Atmospheric	
  Sciences	
  (CAS)	
  requested	
  at	
  its	
  

15th	
  session	
  (Nov	
  2009)	
  that	
  WCRP,	
  WWRP	
  and	
  THORPEX	
  set	
  up	
  an	
  
appropriate	
  collabora4ve	
  structure	
  for	
  sub-­‐seasonal	
  predic4ons,	
  

	
  
Ø  A	
  WCRP/WWRP/THORPEX	
  workshop	
  held	
  in	
  Dec	
  2010	
  recommended	
  

the	
  formaMon	
  of	
  a	
  Planning	
  Group	
  for	
  an	
  S2S	
  project	
  under	
  WCRP-­‐
WWRP-­‐THORPEX	
  sponsorship	
  

	
  
Ø  The	
  implementa4on	
  plan	
  wriben	
  in	
  2012,	
  was	
  endorsed	
  by	
  the	
  WWRP	
  

and	
  WCRP,	
  and	
  crea4on	
  of	
  the	
  S2S	
  predic4on	
  project	
  was	
  approved	
  
by	
  the	
  WMO	
  ExecuMve	
  

	
  
Ø  The	
  project	
  will	
  last	
  5	
  years	
  starMng	
  in	
  2013	
  with	
  the	
  opMon	
  to	
  extend	
  

based	
  on	
  a	
  review	
  of	
  progress,	
  achievements	
  and	
  remaining	
  gaps	
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2.1.	
  SUB-­‐SEASONAL	
  CLIMATE	
  VARIABILITY	
  
«	
  Bridging	
  the	
  gap	
  between	
  weather	
  &	
  climate»	
  

	
  
v  The	
  WWRP/WCRP	
  Sub-­‐seasonal	
  to	
  Seasonal	
  (S2S)	
  objec4ves:	
  
	
  

Ø  To	
  improve	
  forecast	
  skill	
  and	
  understanding	
  on	
  the	
  S2S	
  4mescale	
  
with	
  special	
  emphasis	
  on	
  high-­‐impact	
  weather	
  events	
  

	
  
Ø  To	
  promote	
  the	
  ini4a4ve’s	
  uptake	
  by	
  opera4onal	
  centers	
  and	
  

exploitaMon	
  by	
  the	
  applica4ons	
  community	
  
	
  
Ø  To	
  capitalize	
  on	
  the	
  exper4se	
  of	
  the	
  weather	
  and	
  climate	
  research	
  

communiMes	
  to	
  address	
  issues	
  of	
  importance	
  to	
  the	
  Global	
  
Framework	
  for	
  Climate	
  Services	
  (GFCS)	
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2.1.	
  SUB-­‐SEASONAL	
  CLIMATE	
  VARIABILITY	
  
«	
  Bridging	
  the	
  gap	
  between	
  weather	
  &	
  climate»	
  

	
  
v  S2S	
  4me-­‐scales	
  of	
  relevance	
  to	
  society	
  needs:	
  
	
  

Sub-­‐seasonal	
  4me-­‐scales	
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Repeat	
  un4l	
  
convergence	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

2.1.	
  SUB-­‐SEASONAL	
  CLIMATE	
  VARIABILITY	
  
«	
  Bridging	
  the	
  gap	
  between	
  weather	
  &	
  climate»	
  

	
  
v  Weather-­‐typing	
  approach:	
  
	
  

Ø  k-­‐means	
  clustering:	
  aims	
  to	
  par44on	
  n	
  observa4ons	
  into	
  k	
  clusters	
  in	
  
which	
  each	
  observaMon	
  belongs	
  to	
  the	
  cluster	
  with	
  the	
  nearest	
  mean	
  

	
  
	
  
	
  

(1)  Assignment	
  step:	
  assign	
  each	
  observaMon	
  to	
  the	
  cluster	
  with	
  the	
  	
  
"nearest"	
  using	
  Euclidean	
  distances,	
  

	
  

(2)	
  Update	
  step:	
  calculate	
  the	
  new	
  means	
  to	
  be	
  the	
  centroids	
  of	
  the	
  
	
  observaMons	
  in	
  the	
  new	
  clusters.	
  

(1)	
   (2)	
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2.2.	
  EAST	
  AFRICA	
  RECENT	
  DROUGHT	
  
CONDITIONS	
  DURING	
  THE	
  LONG	
  RAINS	
  

	
  
Vigaud,	
  N.,	
  B.	
  Lyon	
  and	
  A.	
  Giannini	
  (2015)	
  Recent	
  dry	
  condiMons	
  in	
  East	
  Africa	
  and	
  
convecMon	
  regimes	
  observed	
  during	
  the	
  long	
  rains,	
  Clim	
  Dyn,	
  submibed	
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2.3.	
  TROPICAL-­‐TEMPERATE	
  
INTERACTIONS	
  OVER	
  SOUTHERN	
  AFRICA	
  

Vigaud,	
  N.,	
  B.	
  Pohl	
  and	
  J.	
  Cretat	
  (2012)	
  Tropical-­‐temperate	
  interacMons	
  over	
  southern	
  
Africa	
  simulated	
  by	
  a	
  regional	
  climate	
  model,	
  Clim	
  Dyn,	
  39:2895-­‐2916	
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2.3.	
  TROPICAL-­‐TEMPERATE	
  INTERACTIONS	
  IN	
  SOUTHERN	
  AFRICA	
  

«	
  Local	
  versus	
  large-­‐scale	
  climate	
  variability	
  over	
  southern	
  
Africa	
  and	
  consequences	
  on	
  rainfall	
  regimes	
  »	
  

	
  
v  A	
   significant	
   amount	
   of	
   SA	
   summer	
   rainfall	
   (30%	
   between	
   October	
   and	
  

December,	
   up	
   to	
   60%	
   in	
   January)	
   is	
   aZributed	
   to	
   the	
   occurrence	
   of	
  
synop4c-­‐scale	
  tropical-­‐temperate-­‐troughs	
  (TTTs)	
  characterized	
  by	
  NW/SE	
  
orientated	
  cloud	
  bands,	
  convecMon	
  and	
  rainfall.	
  

Harrison	
  (1984,	
  1986)	
  
	
  
v  Interannual	
  SA	
  summer	
  rainfall	
  variability	
  could	
  significantly	
  relate	
  to	
  the	
  

preferred	
  loca4on	
  and	
  frequency	
  of	
  synopMc-­‐scale	
  TTT	
  systems,	
  
	
  

Cook	
  (2000),	
  Washington	
  and	
  Todd	
  (1999),	
  Todd	
  and	
  Washington	
  (1999)	
  
	
  
v  TTTs	
   are	
   ocen	
   described	
   as	
   the	
   conjuncMon	
   between	
   a	
   lower-­‐layer	
  

tropical	
  perturba4on	
  and	
  a	
  mid-­‐la4tude	
  trough	
  in	
  the	
  upper	
  atmosphere.	
  
	
  
However,	
  the	
  mechanisms	
  at	
  the	
  origin/development	
  of	
  these	
  interacMons	
  are	
  
not	
  fully	
  understood	
  =>	
  Dynamical	
  downscaling	
  for	
  studying	
  processes	
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significantly higher than that of the red-noise model. The

operation is repeated for k varying from two to ten: in most
cases the best choice for the number of regimes appears

quite unambiguously (Michelangeli et al. 1995).

This method has been applied here to daily OLR

anomalies over the domain 10–40!S, 7.5–70!E (858 grid-
points) from November to February (leading to 120 daily

values for each season, the 29th of February in leap years

being removed). This domain encompasses both the SA
and the SWIO and is the same as in the Todd and Wash-

ington (1999) study (Fig. 2). In order to reduce the

dimensionality of the problem and ensure linear indepen-
dence between the input variables (Huth 1996), an EOF

analysis is first performed on the data correlation matrix
and the first 11 PCs, explaining 51.7% of the original

variance, are retained (note that the results are not depen-

dent on the percentage of variance retained). The clustering
algorithm is then performed on the subspace spanned by

the corresponding PCs. The corresponding results are

presented in the next section.

3 Recurrent OLR regimes over the SA and SWIO

Figure 3 presents the classifiability index c* as a function of

the number of clusters k along with the significance levels
computed from the first-order Markov process. It shows a

clear and significant (at the 95% level) peak for k = 7.

Larger numbers of regimes are also determined as pre-
senting a high degree of robustness among the regime

analysis based initiated with different random draws, but

hereafter the seven regimes partition is chosen because the
classifiability index is the largest and this partition is the one

that provides the best and compact summary of the infor-

mation among those that reach significance.
Figure 4 presents the results of an Analysis of Variance

(ANOVA) on the OLR field according to the regime cat-

egories. The ANOVA depicts the regions for which the
intra-regime variance is significantly lower than the inter-

regime variance. The classification (i.e. the respective

regime to which each day of the period is assigned) sig-
nificantly discriminates the day-to-day OLR fluctuations

Fig. 2 Mean OLR field over the November to February season
(W/m2), the values below 240 W/m2 are shaded in blue, interval
10 W/m2. The domain on which the cluster analysis is performed is
delineated in red. The labels ‘‘SA’’ and ‘‘SWIO’’ refer as to Southern
Africa and Southwest Indian Ocean respectively

Fig. 3 Classifiability index c* as a function of the number of regimes
k (solid line). The levels of significance (dashed and dashed-dotted
lines) at 80, 90 and 95% are computed according to a first-order
Markov process

Fig. 4 Analysis of variance
between the OLR grid-points
and the results of the clustering
procedure for the seven regimes
partition. Shadings materialize
the areas that are significantly
discriminated by the cluster
analysis at the given confidence
level (in percentage). The
domain on which the cluster
analysis is performed is
delineated in red
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over the whole region located between the Equator and 50S
in latitude, and encompassing the eastern half of the

Atlantic Ocean and most of the Indian Ocean region.
Interestingly, large patches of significance are also noticed

over the tropical Pacific region, suggesting that OLR pat-

terns determined on SA and the SWIO region may be
linked with modulation of in the tropical Pacific, e.g.

through ENSO.

Figures 5 and 6 respectively present the mean and
anomaly composite patterns according to the results of the

k-means clustering analysis on OLR. While the cluster
analysis has been performed on a restricted window (see

Sect. 2, Fig. 2), the composite fields are computed on a

larger domain to check for regional structures in which OLR
patterns could be embedded. Three regimes (Fig. 5e–g;

regimes #5, #6, #7) are characterized on average by a
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significantly higher than that of the red-noise model. The

operation is repeated for k varying from two to ten: in most
cases the best choice for the number of regimes appears

quite unambiguously (Michelangeli et al. 1995).

This method has been applied here to daily OLR

anomalies over the domain 10–40!S, 7.5–70!E (858 grid-
points) from November to February (leading to 120 daily

values for each season, the 29th of February in leap years

being removed). This domain encompasses both the SA
and the SWIO and is the same as in the Todd and Wash-

ington (1999) study (Fig. 2). In order to reduce the

dimensionality of the problem and ensure linear indepen-
dence between the input variables (Huth 1996), an EOF

analysis is first performed on the data correlation matrix
and the first 11 PCs, explaining 51.7% of the original

variance, are retained (note that the results are not depen-

dent on the percentage of variance retained). The clustering
algorithm is then performed on the subspace spanned by

the corresponding PCs. The corresponding results are

presented in the next section.

3 Recurrent OLR regimes over the SA and SWIO

Figure 3 presents the classifiability index c* as a function of

the number of clusters k along with the significance levels
computed from the first-order Markov process. It shows a

clear and significant (at the 95% level) peak for k = 7.

Larger numbers of regimes are also determined as pre-
senting a high degree of robustness among the regime

analysis based initiated with different random draws, but

hereafter the seven regimes partition is chosen because the
classifiability index is the largest and this partition is the one

that provides the best and compact summary of the infor-

mation among those that reach significance.
Figure 4 presents the results of an Analysis of Variance

(ANOVA) on the OLR field according to the regime cat-

egories. The ANOVA depicts the regions for which the
intra-regime variance is significantly lower than the inter-

regime variance. The classification (i.e. the respective

regime to which each day of the period is assigned) sig-
nificantly discriminates the day-to-day OLR fluctuations

Fig. 2 Mean OLR field over the November to February season
(W/m2), the values below 240 W/m2 are shaded in blue, interval
10 W/m2. The domain on which the cluster analysis is performed is
delineated in red. The labels ‘‘SA’’ and ‘‘SWIO’’ refer as to Southern
Africa and Southwest Indian Ocean respectively

Fig. 3 Classifiability index c* as a function of the number of regimes
k (solid line). The levels of significance (dashed and dashed-dotted
lines) at 80, 90 and 95% are computed according to a first-order
Markov process

Fig. 4 Analysis of variance
between the OLR grid-points
and the results of the clustering
procedure for the seven regimes
partition. Shadings materialize
the areas that are significantly
discriminated by the cluster
analysis at the given confidence
level (in percentage). The
domain on which the cluster
analysis is performed is
delineated in red
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that provides the best and compact summary of the infor-
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(ANOVA) on the OLR field according to the regime cat-
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intra-regime variance is significantly lower than the inter-

regime variance. The classification (i.e. the respective

regime to which each day of the period is assigned) sig-
nificantly discriminates the day-to-day OLR fluctuations
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  (2009)	
  

well-defined pattern of maximum convection (OLR values
below 240 W/m2, blue shades in the figures) organized in a

NW/SE band extending from the Southern African sub-

continent or Madagascar at tropical latitudes to the mid-
latitudes of the SWIO (South of 30S). These bands are

rooted in Southern Africa respectively over Northeastern

South Africa, Mozambique and Madagascar for regimes #5,

#6, #7. At the southern boundary of the study domain, the
convection band ends at longitudes varying between

approximately 40E and 65E. The corresponding composite

anomalies (Fig. 6e–g) show that consistent strong negative
OLR anomalies are associated with the position of the mean

cloud band, this band of anomalously large convection

being surrounded to the east and to the west by decreased
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  versus	
  spa4al	
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  needs	
  to	
  be	
  found,	
  border	
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to	
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  kept	
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  mind	
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  the	
  large-­‐scale	
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over	
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  parameteriza4ons:	
  these	
  lead	
  to	
  differing	
  numerical	
  soluMons	
  and	
  need	
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  tested	
  =>	
  Importance	
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  prior	
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  full	
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2.   RCMs	
  poten4als	
  for	
  understanding	
  local	
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  at	
  sub-­‐seasonal	
  4me-­‐scales	
  	
  
	
  

v  RCM	
  systema4c	
  biases	
  versus	
  simulated	
  variability:	
  despite	
  systemaMc	
  biases,	
  
regional	
  experiments	
  can	
  sMll	
  be	
  able	
  to	
  simulate	
  sub-­‐seasonal	
  climate	
  variability	
  
reasonably	
  allowing	
  the	
  study	
  of	
  underlying	
  atmospheric	
  processes	
  

	
  

v  RCM	
  ensemble	
  simula4ons:	
  these	
  can	
  be	
  helpful	
  in	
  separaMng	
  large-­‐scale	
  forcing	
  
versus	
  internal	
  variability	
  and	
  thus	
  bear	
  potenMals	
  for	
  sub-­‐seasonal	
  studies	
  

	
  

v  Ocean	
  Mixed	
  Layer	
  coupling:	
  allows	
  to	
  consider	
  beber	
  the	
  influence	
  from	
  oceanic	
  
heat	
  content	
  and	
  thus	
  to	
  examine	
  controls	
  exerted	
  by	
  neighboring	
  oceanic	
  basins	
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