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“Expected” Climate Impacts During El Niño



Expected�
Flood Risk�
during an�
El Niño event�



FAO: Early Warning – Early Action



World Health Organization Reports
http://www.who.int/hac/crises/el-nino/en/ 





EXAMPLES
Seasonal-to-Interannual (Seas):
1. Philippines (World Food Program): Food Security preparedness

2. Ethiopia: Water resource management & hydro-power

Sub-Seasonal (SS):
1. Colombia: Water resource management & hydro-power

2. Bihar, India: Agriculture

Seasonal-to-Decadal (Dec):
1. South Africa (western Cape) Water Mgmt: System resilience



Seas-1

WFP’s Food SECuRE�
Pioneering Example of FFoorreeccaasstt--bbaasseedd  FFiinnaanncciinngg



WFP’s Food SECuRE – Drought Triggers
Non-exceedance of 50%-ile Non-exceedance of 10%-ile

Made�
Sept.�
2015

Seas-1



WFP’s Food SECuRE – Drought Triggers
Non-exceedance of 50%-ile “ACTIVE TRIGGERS”

Made�
Sept.�
2015

User determines:�
* Drought severity�

Seas-1



WFP’s Food SECuRE – Drought Triggers
Non-exceedance of 50%-ile “ACTIVE TRIGGERS”

Made�
Sept.�
2016

User determines:�
* Drought severity�

Seas-1



WFP’s Food SECuRE – District Dashboard

Seas-1



WFP’s Food SECuRE – District Dashboard

Seas-1



ETHIOPIA – Water resource management &�
                           hydro-power

Seas-2



Seas-2

	Select precipitation 
exceedance probability, 
apply to prediction 
ensemble

Monthly reservoir update
based on forecast and 
observations 

Reservoir Management: Linked Model System

(Block and Goddard, 2012, WRR)
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Using probabilities of exceedance; threshold reliability = 200 GW hrs/mo
 
 
 
 
 
 
 
 
 
 
 
 
 

Seas-2



Using probabilities of exceedance; threshold reliability = 200 GW hrs/mo
 
 
 
 
 
 
 
 
 
 
 
 
 

Seas-2



Sub-Seasonal:  weeks 1-4



COLOMBIA – Rainfall forecasts for �
hydro-power

SS-1



Ignorance Score

Seasonality of Sub-seasonal Skill

SS-1

S2S, A3: Ángel Muñoz: “How Much Can M.O.S. Improve Sub-seasonal 
Prediction Skill”



Week 3 Week 4

Better Worse
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Initializations: April

SS-1



SS-1

Proto-type Forecast Map Room: in Spanish 



Bihar, INDIA – Rainfall forecasts for�
                      agriculture 

SS-2



Source: http://www.imd.gov.in

SS-2

Observed progress of monsoon, Bihar



Forecast issued on June 14th 

Week 1

Week 2

Observed 
weekly 
rainfall 

Week ending �
June 20

SS-2

Source:http://mol.tropmet.res.in

Week ending �
June 27

Forecast progress of monsoon, Bihar
Observed weekly rainfall

Calibrated �
NMME



Forecast issued on July 5th 

Week 1

Week 2

Observed weekly rainfall

Week ending �
July 11

Week ending �
July 18

SS-2

Forecast progress of monsoon, Bihar

Source:http://mol.tropmet.res.in

Calibrated �
NMME



Translation of forecasts into local language�
Example:  July 6, 2018

For Nawada and Jehanabad District, prepared by SAU-SabourFor East Chamapran and Darbhanga  by SAU-Pusha

S2S, A1: “Sub-seasonal prediction of the Indian monsoon: Case study over Bihar”, A. Robertson
S2D,B3: "Evaluating a new calibration method for Seasonal Probabilistic Prediction for �
Indian Summer Monsoon”- Nachiketa Acharya

SS-2



Seasonal-to-Decadal: 2-20 yrs out



Decadal Predictions: Temperature
Multi-model Ensemble (12 models: Equal Weighting ) – Decadal Average

Mean Error�
Skill Score

Correlation

(Blue = Bad;  Red = Good): 

Decadal�
Prediction

Decadal�
Prediction

Climate �
Change�
Projection

Climate �
Change�
Projection

DIFFERENCE DIFFERENCE



?	
What information can be provided�
in places where there is no signal from �
decadal phenomena, or where the�
models have poor performance??



Resiliency of Water Resources and Mgmt�
 Berg and Breede Water Mgmt Areas

Dec-1



(Greene,	et	al.	2012)	STOCHASTIC SIMULATIONS: 

Dec-1



STOCHASTIC SIMULATIONS: ....  the envelope please

Dec-1



Decadal	Variability	

STOCHASTIC SIMULATIONS: 2 Ensemble Members 

Dec-1



There	are	no	answers,	only	choices.	
	

	 	Stanislaw	Lem/Steven	Soderbergh	(Solaris)	
	



Thank You 
 
 
 		

		 	 						http://iri.columbia.edu	

	

	 						@climatesociety		
	 	 		

			 							/climatesociety		

		

info@iri.columbia.edugoddard@iri.columbia.edu



IRI Prediction Talks
S2S, P-A1: Andrew Robertson: “Sub-seasonal prediction of the Indian 
monsoon: Case study over Bihar” 

S2S, A3: Ángel Muñoz: “How Much Can M.O.S. Improve Sub-seasonal 
Prediction Skill”
S2S, P-A3: Nicolas Vigaud: “Wintertime Weather Regimes over 
North America and Their Predictability from Sub-Monthly Reforecasts”

S2S, P-B3: Nicolas Vigaud: “North American Summer Heat Waves 
and Modulation from North Atlantic Simulated by an AGCM”

S2S, P-A4: Colin Kelley: “Differences in Timescales of Rainfall 
Predictability for Six Countries, within Agricultural Context”

S2D, B3: Nachiketa Acharya: "Evaluating a new calibration method for 
Seasonal Probabilistic Prediction for Indian Summer Monsoon”



Decadal Predictions: Skill still to be demonstrated 
Relative Accuracy Correlation

Annual Temp. 

Jul-Aug-Sep P 

(based on Goddard et al. 2012, Climate Dynamics)  

Predict	the	Future:	Decadal	(skill)	

Jul-Aug-Sep 
Rainfall 


