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Based on Cane, Zebiak and Dolan - Nature 1986. ���
Contours at 0.5°C

The FIRST ever ���
El Niño forecast���
made 1 year ���
before the peak
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Winter 1990-91���
Weak warming,���
but no El Niño
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Winter 1991-92���
Moderate El Niño
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Spring 1993���
Missed warming
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Made March 1997

Made June 1997

Made September 1997

Forecasts of the ���
1997-98 El Niño
From the Experimental Long-Lead���
Forecast Bulletin (COLA)



Structure of the Talk
	  
Evolution and outstanding challenges for…
Ø   Predicting El Niño events

Ø   Forecasting the related climate impacts 

Ø   Doing something about it
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Skill of SST Forecast for JFM 
from North America Multi-Model Ensemble (NMME)
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Building Blocks of Prediction Systems

	  
	  

Models

 

Observational ���
Networks

Data Assimilation ���
Systems
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Modeling Challenges for El Niño
1)  Model Biases:

Double ITCZ (tropical rainfall biases)
Equatorial cold bias
ENSO variability too far west���
Poor structure of upper ocean thermal stratification

2)  Biases and imbalances in ocean-atmosphere state estimation:
Spurious currents
Disagreement in regions of sparse observations

3)  Representation of processes:
Poor characterization of wind variability (e.g. MJO)
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A decade of progress on 
ENSO prediction

• Steady	  progress:	  ~1	  month/decade	  skill	  gain	  	  

• How	  much	  is	  due	  to	  the	  iniEalizaEon,	  how	  much	  to	  
model	  development?	  
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Half of the gain on forecast skill ���
is due to improved ocean 
initialization (Balmaseda et al 2010, OceanObs)
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Double ITCZ in ���
Coupled Ocean‐Atmosphere Models

(Zhang et al. 2015, GRL)
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11/9/15, 9:22 AMSeason 1 tmpsfc

Page 1 of 1http://www.cpc.ncep.noaa.gov/products/NMME/current/tmpsfc_Seas1.html

Season 1 tmpsfc forecast

NMME Prob fcst IMME
IMME

NCEP_CFSv2 CMC1_CanCM3 CMC2_CanCM4 GFDL_FLOR

GFDL_CM2.1 NCAR_CCSM4 NASA_GEOS5

SSTA Forecast DJF 2015-16
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OBSERVATIONS	  

Double ITCZ bias is one model error that leads���

to El Niño variability extending too far west



Obser vations are Critical
Forecast error drops to ���
near-zero in European model���
with completion of ���
TAO buoy array in the ���
Tropical Pacific.
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(Stockdale et al. 2010)

ENSO	  Predic*on	  
TAO	  Array	  	  
Completed	  
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http://iridl.ldeo.columbia.edu/maproom/IFRC/ à “Past Conditions”

“Expected” Climate Impacts During El Niño
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Pacific Ocean SSTa and rainfall over E. Africa
	  	  	  OBSERVATIONS	  AAA	  	  	  	  

Atmospheric	  Model	  PredicEon	  using	  only	  Pacific	  SSTs	  

(Goddard & Graham 1999, JGR-Atmos.)

During the 1997-98 El Niño,���
SSTs were predicted only���
in the tropical Pacific.���

We have since learned the ���
importance of getting ���
SST variability right in the ���
other oceans. 



GFDL Climate Variations and Prediction Group Research Summary 
 

Improved Seasonal Prediction of Temperature and Precipitation over Land  
in a High-resolution GFDL Climate Model 

by Liwei Jia, X. Yang, G.A. Vecchi, R.G. Gudgel, T.L. Delworth, A. Rosati, W.F. Stern,  A.T. Wittenberg, L. 
Krishnamurthy, S. Zhang, R. Msadek, S. Kapnick, S. Underwood, F. Zeng, W. G. Anderson, V. Balaji and K. Dixon 

 
Submitted to Journal of Climate 

 
Skillful seasonal predictions of surface temperature and precipitation over land are in particular demand due to their 
influences on societal factors (such as agriculture, the energy sector and transportation) and ecosystems. Therefore, 
understanding and predicting future year-to-year of temperature and precipitation is central to NOAA's mission and highly 
relevant to society. This study demonstrates skillful seasonal prediction of near-surface air temperature and precipitation 
over land using a new high-resolution climate model (GFDL-FLOR) developed at NOAA-GFDL, and diagnoses the sources 
of the prediction skill. 
 
The principal results of this study are that: 
 

1) The new high-resolution GFDL FLOR model shows improved representation of precipitation and surface air 
temperature, and skillful seasonal predictions of near-surface air temperature and precipitation over land.  
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Figure 2: Observed pattern of precipitation response (in mmday�1 per unit variate) to ENSO
in low latitudes Americas and tropical Asia(a, b); Spatial structure of the most predictable
component of land precipitation (in mmday�1 per unit variate) from CM2.5 FLOR(c, d) and
CM2.1(e, f).
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Figure 5: Observed precipitation teleconnection pattern to ENSO (in mmday�1 per unit
variate) (a); Spatial structure of the most predictable component of precipitation over land
(in mmday�1 per unit variate) from FLOR (b) and CM2.1 (c); Standard deviation of time
series of the most predictable pattern for di�erent target months and initial months, nor-
malized relative to the observations (d). The squared error skill score for each initial month
and target month in FLOR (e) and CM2.1(f).
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Figure 1: High-resolution GFDL-FLOR (middle panels) improves 
representation of observed (upper panels) connections between land 
precipitation and the El Niño-Southern Oscillation (ENSO) phenomenon, 
compared to its predecessor model (CM2.1, lower panels). Adapted from 
Jia et al. (2014) 

Figure 2: Prediction skill for seasonal precipitation anomalies tied 
to ENSO, measured using SESS – with which a perfect prediction 
has a value of 1 and values greater than zero indicate skill. The 
new high-resolution GFDL-FLOR (upper panel) is generally 
higher than for its predecessor model (CM2.1, lower panel). 
Adapted from Jia et al. (2014). 

 

2) The skill in seasonal precipitation over land arises primarily from the El Niño-Southern Oscillation (ENSO) 
phenomenon.  

3) Both a multi-decadal change (in part from external forcing) component and a spatially heterogenous ENSO-related 
component contribute to the seasonal prediction skill of near surface air temperature over land.  

Increasing Atmospheric Model Resolution
Observed El Niño���
rainfall anomalies

50km model ���
resolution

200km model ���
resolution

(Jia et al. 2015, J. Climate)

Higher-resolution ���
atmosphere models���
can provide better���
teleconnections,���
including local-scale���
details.
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Meaningful climate information is only a start.���
We need to translate that into impacts (risk or 
likelihood) and translate that into meaningful action. 

NOT something the climate community can ���
(or should) do on their own.
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Early Action works:
• 	  Faster response: 1-2 days rather than 40 in 2007
•  Fewer victims (30 instead of hundreds)
•  Lower cost per beneficiary (30%)

Example: Red Cross 
volunteers in Ghana 
saving lives by alerting 
Volta fishermen that 
the Bagre dam would 
be spilled.

	  

 

International Federation
of Red Cross and Red Crescent Societies

Flooded	  areas	  (blue)	  in	  JAS	  2007	  
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Soil	  Water	  Balance	  

Worst areas: low water, low vegetation, high stocking rate, “dry “forecast

Soil Water Balance

Climate Information for Agriculture - 2015

Dry condition led to a deficit in ���
soil water over much of Uruguay in ���
early 2015.

Rainfall
Forecast for
AMJ 2015
	  

Rainfall forecasts for April-May-June���
suggested risk of continued dry���
conditions in the north-east.

Stocking Rate 
Real time in
Uruguay 
Data Library
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NDVI Actual and Relative to Normal



Tailored Uruguay Forecast DJF 2015/16 
from Nov 2015 ���

(using IRI Climate Predictability Tool)

Next steps:
* Soil Water Balance Forecasts
* Stocking Rate Forecasts
* Weather-within-climate

- Forecasts of dry spell frequency
- Forecasts of frequency of storms

IRI Forecast DJF 2015/2016

Climate Information for Agriculture - 2015
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Conclusions
	  

Ø  	  Predicting El Niño events
El Niño events are predictable, but we could do better ���

(timing, spatial pattern, diversity, uncertainty)

Ø   Forecasting the related climate impacts 
Good quality models are necessary for regional impacts.  

Also needed are the analysis and tailoring to translate model uncertainty 
into forecast risk or likelihood.

Ø   Doing something about it
Even with good climate information, need to translate that into ���
socio-economic impacts, and translate that into meaningful action.���
This is not something the climate community can (or should) do alone.
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 web:  iri.columbia.edu 

@climatesociety 	  

…/climatesociety      

Thank You
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Fundamental Processes: Westerly Wind Bursts 
Improving ENSO Prediction and Predictability

(Lopez	  and	  Kirtman	  2014,	  JGR-‐Atmos)	  
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InformaEon	  to	  iniEalize	  the	  ocean	  
•  Ocean	  model	  	  	  
•  Plus:	  

SST	  
Atmospheric	  fluxes	  from	  atmospheric	  reanalysis	  
Subsurface	  ocean	  informaEon	  

XBT’s 60’s      Satellite SST  Moorings/Altimeter ARGO 

1982 1993 2001

Time	  evoluEon	  of	  the	  Ocean	  Observing	  System	  
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ENSO (color) and All-India Rainfall (bar)

El Nino strength only partly related���

to strength of climate impacts

http://iridl.ldeo.columbia.edu/maproom/ENSO/Impacts.html#elninoconf	  



NDVI	  Actual	  and	  Rela*ve	  to	  Normal	  

Stocking	  Rate	  	  
Real	  *me	  in	  
Uruguay	  	  
Data	  Library	  

Soil	  Water	  Balance	  

April	  2015:	  	  IRI	  –	  SNIA	  Provided	  this	  Informa*on	  

Precipita*on	  
Forecast	  for	  
AMJ	  2015	  
	  

Worse	  areas:	  low	  water,	  low	  vegeta*on,	  high	  stocking	  rate,	  “dry	  “forecast	  #elninoconf	  


