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• What timescale is most predictable?
• What timescale is most useful?
• Which of these is most important?



Some climate impacts that would 
be useful to predict 

on seasonal to decadal timescales



https://www.downtoearth.org.in/news/natural-disasters/

July 2016



Mid-1980’s, drought devastates the Sahel
Around 100,000 people killed by famine; three-quarters of a million people left 
dependent on food aid; severely impacted agriculture, livestock, and human 
populations of the region

http://geography.name/drought-in-the-african-sahel/



Climate and Ecosystems
• The complexity of marine-ecosystems makes it difficult 

to assess climate variability impacts
• As adults, small pelagic fish can swim to counter 

changes in their environment
• Two examples of this are given for Sardinella in the 

North and South Eastern Atlantic
• Data from Norwegian funded EAF Nansen Program
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Feb 1995 Feb 1997

Interannual migrations of sardinella in Angolan 
waters. Potential for prediction?

D1

Proportion of biomass in the Northern versus Central region (1994-1998) 
100

0

D1 U1 D1 U1 D1 U1 U1 D1 U1

No data

1994                    1995                 1996                 1997                  1998

Surface currents

Northern region

Central region

Downwelling (D1) = FEB-MAR
Upwelling (U1) = MAY-AUG

Courtesy: 
Ostrowski & Barradas



Sardinella biomass increase and Sea Surface 
Temperature along the Angolan Coast

Acoustically determined biomass of Sardinella spp. (solid black line) 
Satellite-derived SST from the Angolan coast (in the background)
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Climate change driven northward Shift in 
Sardinella

Abdoulaye SARRE 



What makes climate prediction possible?



“Climate is what you expect, weather is 
what you get”, E. Lorenz



Climate prediction and weather forecasts

Bergen
Atlantic Ocean

Wet weather

Westerly wind

Dry weather

Bergen

Easterly wind

Weather can be forecast several days in advance

Cause of unusual summer conditions

Wet and cold More frequent westerly wind regimes

Dry and warm More frequent easterly wind regimes

Climate is determined by how often different types of weather occur

We can predict climate if we can predict changes in regime frequency 



Causes of short and long-term changes in climate

Year to year fluctuations 
caused by natural processes 

in the climate system

Long-term trend caused 
mainly by global warming

Decade to decade 
changes caused by both 

natural and 
anthropogenic factors



Greenhouse emissions drove long-term global warming

IPCC, 2013

Global surface temperature in observations and climate models driven with 
external forcing (e.g., CO2)



Greenhouse emissions drove long-term global warming

IPCC, 2013

Global surface temperature in observations and climate models driven with 
external forcing (e.g., CO2)

Models and observations tend to disagree on 
shorter time scales, why?



What causes year-to-year changes in 
climate?



1 m3 water

1 m3 air

inertia 1000:1 / heat capacity 4000:1

people.uib.no/tel083
@TorEldevik

Low-frequency climate variability from interaction of 
the atmosphere and with more inert components



El Niño Southern Oscillation (ENSO) 
most important patterns of interannual climate 

variability

circulation. The calculated estimates of the gyre and the
meridional overturning circulation together are in good
agreement with the observed value in the North Atlantic
(see Figure 1.5a). In the North Pacific, on the other hand,
overturning is only shallow and much less heat is carried
northward (Talley, 2003).

5. LARGE-SCALE MODES OF VARIABILITY
INVOLVING THE OCEAN

So far, attention has been focused on the global-scale,
steady circulation patterns of the world ocean. However,
it is well documented that atmosphere–ocean exchange
fluxes of heat and freshwater vary also on interannual to
multidecadal time scales and thus point to the ocean as
an active component of global and regional climate vari-
ability. A comprehensive synthesis of nonseasonal, inter-
annual to multidecadal sea-surface temperature variability
observed worldwide is given by Deser et al. (2010).

The best studied atmosphere–oceanmode of variability is
the ENSO phenomenon (Chapter 24, e.g., Cane, 2005; Deser
et al., 2010; Sarachik and Cane, 2010). It is characterized by
two anomalous ocean–atmosphere states in the equatorial
Pacific Ocean (Figure 1.9). These anomalous states can last
for several months to more than a year and recur irregularly
on a typical time scale of 2–7 years: (i) El Niño with anom-
alous warm sea-surface temperatures in the eastern tropical
Pacific, regionally reduced atmospheric pressure causing
the trade winds to weaken there, and an equatorial rain band
that extends from Indonesia into the central Pacific; (ii) La
Niña with the opposite changes resulting in colder sea-
surface water and higher atmospheric pressure in the eastern
tropical Pacific, due to a shoaled thermocline and hence
stronger coastal upwelling, in response to stronger trade

winds. Paleoclimate reconstructions demonstrate the
presence of this variability at least during the last millennium
(Cobb et al., 2003), but possibly during the past 20,000 years
(Rein et al., 2005). During the last 7000 years, no systematic
trends in this variability could be detected (Cobb et al., 2013).
This mode therefore appears to be a very stable feature of
interannual variability in the climate system.

The important role the ocean plays in this mode of var-
iability is evident in Figure 1.9. The vertical movements of
the thermocline in the eastern part of the equatorial Pacific
influence sea-surface temperatures and thus modify the
strength of the trade winds. Atmosphere and ocean are
coupled to produce a positive feedback, the Bjerknes
feedback (Bjerknes, 1969), which is at the heart of the
ENSO phenomenon (Cane, 2005). Stronger trades in the
eastern equatorial Pacific cause the thermocline to rise
through Ekman suction, which in turn produces colder
sea-surface temperatures that tend to promote subsidence
in the overlying atmosphere. An increase in the high
pressure over the eastern equatorial Pacific follows, which
further strengthens the trades and closes this positive
feedback loop. But the Bjerknes feedback alone cannot
explain the recurrence of ENSO. The oscillation involves
wave propagation in the ocean: Kelvin waves travel toward
the eastern boundary of the Pacific basin where, in turn, the
perturbations generate Rossby waves, which then propagate
westwards and into the basin off the equator. Together they
modify the position and structure of the thermocline in such
a way that the system is “recharged” after some years
(Wang, 2001). Although basic aspects of this coupled atmo-
sphere–ocean phenomenon are simulated by many compre-
hensive climate models, ENSO events in only a few models
have occurrence frequencies similar to those observed
(Guilyardi et al., 2009).
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FIGURE 1.9 Schematic illustration of the normal conditions in the equatorial Pacific and two different phases of the El Niño–Southern Oscillation

phenomenon. Normal conditions show an east–west gradient in sea-surface temperature (SST) in the equatorial Pacific with a western Pacific warm pool

where convective rainfall occurs. The SST gradient is maintained by well-established trade winds with subsidence over the cold pool in the east and
convection in the west as part of the Walker Circulation. The trade winds maintain the slope of the thermocline in the equatorial Pacific which, in turn,

sets up the SST gradients. During an El Niño event, the trade winds slacken, SSTs warm across the equatorial Pacific, and the convective rain band extends

and moves east. As the trade winds weaken, the thermocline relaxes downward. The opposite changes are observed during a La Niña event. El Niño

conditions typically prevail from December through February. Figures adapted from the PMEL TAO Project.

Chapter 1 The Ocean as a Component of the Climate System 15

From Ocean circulation and climate, edited by Siedler et al

El Niño and La Niña are caused by interaction of the atmosphere with the ocean



Atmospheric Walker Circulation connects climate 
across the tropics – including the tropical Atlantic
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Figure 1 Average sea surface temperatures from 1980 to 1999 from ERSSTv3b (Smith et al. 2008) in 

contours in Kelvin and schematic of the tropical Walker Circulation along the equator. 

 

Figure 2 A) Annual mean velocity potential at 200 hPa and B) cross-section of annual mean vertical 

velocity (shading) and vertical/zonal velocity (vectors) averaged over 20S to 20N from 1980 to 1999. Data 

is from the Japanese 55-year reanalysis (Kobayashi et al. 2015). 

Courtesy Stephanie Gleixner
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Dominant patterns of tropical Atlantic year-to-
year variations

Atlantic Niño

In addition we have 
Benguela Niño

Foltz et al. 2019



Observed decadal-to-multidecadal variability in 
the Atlantic and Pacific  



Can we predict climate on seasonal and 
longer timescales?



New possibilities for numerical climate prediction
New technologies are providing an unprecedent amount of observations

Sentinels Satellites, European Space Agency

ARGO profiling floats monitoring the ocean

UNINETT 
Sigma2Rapidly increasing 

computing power

Photo ESA http://www.argo.ucsd.edu

We are developing advanced numerical 
models and data assimilation that will use 

these to predict ocean and climate



Tropical Atlantic Observing System

Foltz et al. 2019

https://www.pmel.noaa.gov/gtmba/pmel-theme/atlantic-ocean-pirata

Foltz et al. 2019



Norwegian Earth System model Data assimilation (EnKF)

Observations

30 members

Counillon et al, 2014, 2016
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Components of a climate prediction system



Near-term prediction



North Atlantic Ocean currents and climate variations

31

Photo: NOC/UK Met-Office OSTIA data
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Advanced numerical models and data 
assimilation to accurately predict the ocean

Results from the Norwegian Climate Prediction Model 

Courtesy Yiguo Wang

Prediction of North Atlantic Sea Surface Temperature, starting in October 1993 

Year

Prediction

Observations

Model adjusted to 
observations
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Climate prediction on multi-year timescales 
reaching useful skill levels in the Atlantic

Yeager et al. 2018

Anomaly correlation skill in predicting sea surface temperature 3-7 years ahead
Model: CESM-DPLE, yearly reforecasts 1954-2015, 40 ensemble members



Climate prediction can increase societies resilience 
and ability for sustainable development

Fink et al. 2010

Mauritania, 2012; Pablo Tosco/Oxfam

2012 drought
18 million affected across the Sahel

Predictions of Sahel rainfall, 2-5 years ahead 

Sheen et al. 2017



Seasonal prediction



ENSO is the main source of seasonal 
prediction skill

Anomaly Correlation
Courtesy Y. Wang

Anomaly Correlation skill in predicting sea surface temperature at six months lead
N. American Multi-Model Ensemble (ave.), period 1985-2010

Keenlyside et al. 2020



Seasonal climate prediction is skillful in the tropics

Indicates skill of 3-month forecasts of rainfall for at least one season of the year

Source: IRI-International Federation of Red Cross/Red Crescent seasonal forecasts in context

http://iridl.ldeo.columbia.edu/maproom/IFRC/FIC/seasonalforecastskill.html


Focus Article wires.wiley.com/climatechange

Subtropical
NE Atlantic

Subtr.
SE
AtlanticSubtr.

SE
Pacific

Subtropical
NE Pacific

FIGURE 1 | (a) Observed annual mean sea-surface temperature (SST) from the optimally interpolated (OI) SST data set.1 (b) Annual mean bias of
the CMIP52 ensemble relative to OISST. See Table 1 for a list of models. The gray boxes denote the regions discussed in this article and their
longitudinal and latitudinal extents correspond to the ranges plotted in Figures 2 and 3, respectively. The text labels refer to the naming used in
Figure 2.

GCMs produce in vicinity to the eastern boundaries
(Figure 1(b); see Table 1 for a list of the models used
to generate the ensemble mean).14–16 This is usually
accompanied by an underrepresentation of the stra-
tocumulus decks that leads to excessive shortwave
radiation reaching the ocean surface (Figure 2(a) and
(b)).17–19 The poor GCM performance in reproducing
SST and cloud cover is troubling because it under-
mines the credibility of climate change projections for
the region. The response of stratocumulus clouds in
these projections varies widely among models, with
some models projecting increasing cloud cover (nega-
tive feedback) and others predicting decreasing cloud
cover (positive feedback).20–23 This disagreement adds

substantially to the uncertainty of global temperature
projections under greenhouse gas forcing.24–26 More-
over, eastern boundary regions are also subject to
pronounced year-to-year variability in upwelling
strength and SST. This variability can have severe
impacts on fisheries and also affect weather over
the adjacent continents.27–30 GCMs form the basis
of many seasonal prediction systems and thus east-
ern ocean biases may hamper skillful predictions of
climate anomalies around coastal upwelling regions.

Given the importance of tropical eastern bound-
aries to the climate system, it is crucial to alleviate
the persistent GCM biases in the region. The present
article aims to contribute to this goal by summarizing

© 2015 John Wiley & Sons, Ltd.

Richter, WIRES, 2015

°C

CMIP5 multi-model mean sea surface temperature error

Model biases in the South Eastern Tropical 
Atlantic among the most severe  



Atlantic Niño can only be predicted at 2-
months lead

Richter et al. 2018, Prodhomme et al. 2016

Anomaly correlation skill Atlantic-3 SST



Prediction of January Sea Surface Temperature 6-months in advance
Anomaly Correlation, 1985-2010, 9 ensemble members

Norwegian Climate Prediction Model

Courtesy: Yiguo Wang and Stephanie Gliexner

Seasonal Prediction skill in boreal winter in the 
tropical Atlantic from the El Niño Southern Oscillation



Reducing biases enhances Atlantic Niño prediction
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Predictions of ATL3 SST anomalies at two months lead
4 starts per year (Feb. May, Aug. Nov.), 9 ensemble members 

Courtesy: Francois Counillon
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Climate prediction in the tropical Atlantic
• We can currently predict

– North tropical SST anomalies related to ENSO
– Equatorial SST in boreal winter related to ENSO
– Atlantic Niño at 2 months lead
– North Atlantic SST on mult-year timescales

• Model biases limit prediction skill in tropical Atlantic
• Seasonal prediction skill likely much less than in the 

Pacific.

Thank you for your attention


