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CHAPTER 9

Seasonal-to-Decadal Climate Forecasting

Emma Suckling

Abstract Forecasting climate over the near-term, from a season to 
decades ahead, has the potential to inform decision-making within the 
energy sector in a number of ways: from energy trading to scheduling 
maintenance and resource management. Recent advances in forecasting 
at these timescales have led to promising levels of skill in predicting the 
large-scale drivers of seasonal and multi-annual climate variability as well 
as the consequent local climate impacts of relevance for the energy sec-
tor (e.g. seasonal temperatures and wind speeds). This chapter discusses 
the unique aspects of near-term prediction, how it differs from the task 
of weather prediction and long-term climate projections, the sources of 
predictability on these timescales, as well as some of the current climate 
forecasting tools and products aiming to provide value to the energy 
sector.

Keywords Seasonal-to-decadal  • Forecasting • Climate • Predictability 
• Skill

E. Suckling (*) 
NCAS-Climate, Department of Meteorology, University of Reading,  
Reading, UK

https://doi.org/10.1007/978-3-319-68418-5_9


124 

IntroductIon to clImate ForecastIng

Climate prediction over the near-term, from seasons to multiple decades 
ahead, has received much attention over recent years for its potential to 
inform decisions in areas such as risk management and adaptation plan-
ning (Smith et al. 2012; Kirtman et al. 2013; Doblas-Reyes et al. 2013b; 
Meehl et al. 2014). In theory, local and regional scale forecasts on seasonal- 
to- decadal timescales could be beneficial to the energy sector, for example 
in terms of understanding vulnerabilities under different energy mixes, 
planning future wind farm sites or developing resource management strat-
egies. In practice, such forecasts must demonstrate that they are reliable 
and to add value to the practices currently adopted for decision-making.

Prediction on seasonal-to-decadal timescales occupies a middle ground 
between weather forecasting, whose goal is to provide a snapshot of atmo-
spheric conditions at a particular point in time for a few days ahead, and 
climate projection, which aims to estimate the response to external forcings 
such as from greenhouse gases and aerosols. The goal of seasonal-to- 
decadal prediction is generally to provide a statistical summary, or proba-
bility distributions, of conditions over the coming months and years given 
some knowledge of the current climate state, or phase of climate variability. 
The feasibility of predictions on these timescales arises from components of 
the climate system that evolve at a slower rate than the atmosphere, such as 
the ocean and land surface, and the interactions between them (Palmer and 
Hagedorn 2006; Meehl et al. 2009; Boer 2011). Sources of potential pre-
diction skill include both externally forced low-frequency variability due to 
anthropogenic factors (such as greenhouse gas and aerosol concentrations 
and land use changes), as well as natural variations in solar activity and 
volcanic aerosol, and low-frequency variations within the climate system 
(such as large-scale modes of variability in the atmosphere and oceans).

sources oF PredIctabIlIty

On seasonal timescales, the main source of predictability is the coupled 
ocean-atmosphere El-Niño Southern Oscillation (ENSO) phenomenon 
(Trenberth et al. 2000; Alexander et al. 2002; Wu et al. 2009), which has 
been a major factor in the success of seasonal forecasting using both 
dynamical and statistical models (van Oldenborgh et  al. 2005; Coelho 
et  al. 2006; Weisheimer et  al. 2009; Wu et  al. 2009). This mode of 
 variability in the tropical Pacific is known to influence local-scale seasonal 
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climate in many remote locations over the globe. The Madden Julian 
oscillation (MJO), in the tropical West Pacific and Indian Oceans, is char-
acterised by an eastward progression of atmospheric convection (Madden 
and Julian 1971). Studies suggest evidence of teleconnections between 
the MJO and variability in the extratropics in the Pacific basin (Kim et al. 
2006) and Atlantic (Cassou 2008) on monthly timescales. Seasonal pre-
dictability is also thought to arise from interactions between the tropo-
sphere and stratosphere, associated with the quasi-biennial oscillation 
(QBO) (Baldwin et al. 2001) and sudden stratospheric warming (SSW) 
(Marshall and Scaife 2010) which can have an important influence on 
winter conditions, particularly over Europe (Ineson and Scaife 2009). The 
North Atlantic Oscillation (NAO) is another source of low-frequency vari-
ability often attributed to stratosphere-troposphere coupling (Scaife et al. 
2005) and is known to influence winter temperatures and rainfall over 
Northern Europe and Central Asia (Ineson and Scaife 2009; Matthes 
et al. 2006). Recent studies have reported skill at predicting winter NAO 
from seasonal forecasts using dynamical models (Scaife et  al. 2014). 
Evidence of teleconnections between winter NAO and European climate 
in the following spring has also been suggested based on statistical analyses 
using observations (Herceg-Bulić and Kucharski 2013). The NAO has 
also been implicated as a predictor of Northern Hemisphere temperature 
variability at multidecadal timescales (Li et al. 2013).

On timescales of years to decades ahead, a major source of predictability 
is likely to arise from slowly evolving (multidecadal) variations in sea surface 
temperatures (SSTs) in the North Atlantic, referred to as Atlantic 
Multidecadal Variability (AMV). North Atlantic SST fluctuations are linked 
to variability in the Atlantic Meridional Overturning Circulation (AMOC), 
which may vary naturally or through external influences, such as volcanoes 
or greenhouse gases. It has been suggested that AMV and AMOC could be 
potentially predictable several years ahead (Griffes and Bryan 1997; 
Dunstone and Smith 2010) and some evidence suggests that associated 
changes in climate over Europe, America and the African Sahel, as well as in 
the strength and position of the Atlantic storm track (Knight et al. 2006; 
Sutton and Hodson 2007; Sutton and Dong 2012) could also be predict-
able. Pacific decadal variability (PDV) is also associated with climate impacts 
over America, Asia, Africa and Australia on multidecadal timescales (Power 
et al. 1999; Deser et al. 2004); however, the processes involved are currently 
not well understood and evidence of potential predictability is weaker than 
for AMV. The Indian Ocean Dipole, characterised as a fluctuation in SSTs, 
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has recently been associated with changes in winds and rainfall across Africa 
and India on interannual timescales (Webster et al. 1999).

In addition to large-scale modes of internally generated natural variabil-
ity, the evolution of the climate system is affected by external factors, includ-
ing a response to anthropogenic activity as well as natural factors such as 
solar activity and volcanic eruptions. Solar activity is somewhat predictable 
in terms of sunspot number and solar radiative output, which varies with a 
period of approximately 11 years. The influence of solar activity on global cli-
mate is fairly small and studies suggest global temperatures may vary by 
about 0.1°C due to solar activity (Lean and Rind 2008), as well as influence 
stratospheric temperatures and induce small changes in tropical atmospheric 
circulation (see e.g. Gray et al. 2010, Gray et al. 2016, Lockwood et al. 
2010). Volcanic activity cannot be predicted in advance, but large volcanic 
eruptions have a significant impact on forecast skill once they have occurred. 
Aerosols emitted into the stratosphere affect global and local temperatures 
over the timescale of a year or two, as well as the hydrological cycle and 
atmospheric circulation. Volcanic activity can also impact ocean circulation 
and heat content on timescales of years or decades, which has important 
implications for decadal forecast skill (Marshall et al. 2009).

the ProbabIlIstIc nature oF clImate ForecastIng

Climate forecasts are necessarily formulated in a probabilistic way (usually 
as ensembles of deterministic possible outcomes), owing to the inherently 
uncertain nature of climate prediction. Both the chaotic nature of the cli-
mate system (in which small errors in estimating the initial climate state 
grow with time in any forecast) and inadequacies of the forecast systems 
themselves (due to approximations in the formulation of the models and 
missing processes and feedbacks) contribute to forecast uncertainties, 
which play an important role in the interpretation and use of such fore-
casts for decision-making. The relative contributions of different sources 
of forecast uncertainty depend on the timescale, region and variable of 
interest, but can be difficult to disentangle (see Fig. 9.1). However, at 
shorter timescales, from months to years ahead, internal variability (from 
mechanisms such as ENSO or MJO) is typically a major source of uncer-
tainty, accounting for the largest fraction of the variance (e.g. in global or 
regional temperatures) in studies based on model predictions (Hawkins 
and Sutton 2009). Over the near-term, up to a few decades ahead, scenario 
uncertainty (which is assessed through a series of possible pathways that 
include estimates of future greenhouse gas emissions, land use changes 
and socio-economic factors) is typically not a dominant source of uncer-
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Fig. 9.1 Relative contributions to the fraction of total variance from each source 
of uncertainty in projections of decadal mean surface air temperature in a) global 
mean and b) Europe mean. Green regions represent scenario uncertainty, blue 
regions represent model uncertainty, and orange regions represent the internal vari-
ability component. The importance of model uncertainty is clearly visible for all 
policy-relevant timescales. As the size of the region is reduced, the relative impor-
tance of internal variability increases. Scenario uncertainty only becomes important 
at multidecadal lead times (Hawkins and Sutton 2009, see also Kirtman et al. 2013). 

Year

F
ra

ct
io

n 
of

 to
ta

l v
ar

ia
nc

e 
 [%

]

Uncertainty in Global decadal mean ANN temperature

2020 2040 2060 2080 2100
0

10

20

30

40

50

60

70

80

90

100

Year

F
ra

ct
io

n 
of

 to
ta

l v
ar

ia
nc

e 
 [%

]

Uncertainty in Europe decadal mean DJF temperature

2020 2040 2060 2080 2100
0

10

20

30

40

50

60

70

80

90

100



128 

tainty at these timescales and is shown to account for only a small fraction 
of variance in model studies. Model inadequacy accounts for a large source 
of uncertainty, particularly in the near-term; therefore, the evaluation and 
comparison of a variety of forecast approaches and models are crucial both 
in terms of understanding sources of predictability and skill and in terms 
of designing and calibrating any prediction system for operational use.

Recent progress in the development of seasonal-to-decadal prediction 
systems includes the use of empirical methods, dynamical models or a 
combination of both. Empirical methods are based on observations and 
exploit statistical relationships to represent physical processes. Empirical 
models include simple approaches such as characterising the historical 
climatology, or persisting current conditions, as well as more sophisti-
cated methods such as linear regression models (e.g. Eden et al. 2015; 
Suckling et al. 2016), constructed analogues or neural networks (see, e.g. 
van den Dool 2007). However, such models rely on an adequate data-
base of historical observations on which to train the model, which is not 
always available. Dynamical models approximate solutions to the funda-
mental physical equations that characterise the Earth system. Seasonal-
to-decadal predictions based on dynamical models typically involve 
combining a boundary condition problem (i.e. simulating the response 
to forcings and the feedbacks between them) with an initial condition 
problem, in which the current state of the atmosphere, ocean, cryosphere 
and land surface is estimated by initialising the model to a state close to 
observations through data assimilation (see, e.g. Smith et al. 2012). The 
aim of initialisation is to narrow uncertainty in the predictions by taking 
into account the phase of internal climate variability (Doblas-Reyes et al. 
2013a). The process of initialisation is not trivial, however, and con-
straining a model with observations generally causes initialisation shocks, 
which impact the forecast skill. Furthermore, systematic biases cause a 
model to drift away from the observations over time towards its preferred 
climatology. Several recent studies have adopted different methodologies 
for attempting to overcome such biases (Balmaseda et al. 2009); how-
ever, at present the common approach to dealing with model bias and 
drift is to remove any systematic errors through post-processing. Post-
processing refers to approaches that are used to transform raw model 
output into forecast products and includes calibration (e.g. bias adjust-
ment or downscaling) and combination (in which information from dif-
ferent sources and models are combined to form a single forecast) (see, 
e.g. Doblas-Reyes et al. 2013b).
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assessIng the QualIty oF clImate Forecasts

The quality of seasonal-to-decadal prediction systems is typically assessed by 
comparing predictions from different models against each other and against 
observations over a historical hindcast period (Goddard et  al. 2013). 
Hindcasts (sometimes referred to as reforecasts) are essentially retrospective 
forecasts generated using today’s state-of-the-art models, based on knowl-
edge of the historical climate drivers. Several different attributes of the fore-
cast ensemble are often quantified, including model bias and ensemble 
spread, as well as the correspondence between forecast and outcome pairs 
using a variety of statistical metrics (Jolliffe and Stephenson 2003). Such 
metrics include deterministic skill scores, which consider the ensemble mean 
properties of a set of predictions, and probabilistic skill scores (Bröcker and 
Smith 2007) that quantify the quality of the full distribution of ensemble 
members relative to a reference forecast system (such as climatology, persis-
tence or another forecast system) (Suckling and Smith 2013). Reliability 
measures the correspondence between the predicted probabilities and 
observed frequencies of a particular set of events. The evaluation of any fore-
cast system in this way is crucial, not only for the development and improve-
ment of systems for operational use, but also in understanding when forecasts 
are likely to provide reliable information (e.g. Weisheimer and Palmer 2014).

clImate Forecast tools For the energy sector

Both empirical approaches and the use of initialised dynamical prediction 
systems have been relatively successful for seasonal forecasting, leading to 
the availability of a number of operational products including the North 
American Multi-Model Ensemble (NMME)1 and the EUROSIP multi- 
model seasonal forecasting system.2 Initiatives such as the Advancing 
Renewable Energy with Climate Services (ARECS) and European Climatic 
Energy Mixes (ECEM)3 projects aim to develop state-of-the art tools and 
forecasts that are relevant to the energy sector (see Fig. 9.2).

The field of decadal forecasting is still relatively new, but is rapidly devel-
oping. Currently decadal predictions are not widely used as  operational 
products; however, model intercomparison projects such as CMIP5 
(Taylor et al. 2012) have advanced the science base for decadal prediction 
using dynamical model and projects such as the Decadal Forecast Exchange4 
and the World Climate Research Programme (WRCP) Grand Challenge 
on Near-Term Climate Prediction (https://www.wcrp-climate.org/

 SEASONAL-TO-DECADAL CLIMATE FORECASTING 

https://www.wcrp-climate.org/grand-challenges/gc-near-term-climate-prediction


130 

Fi
g.

 9
.2

 
E

xa
m

pl
e 

of
 t

he
 i

nf
or

m
at

io
n 

av
ai

la
bl

e 
fr

om
 t

he
 E

C
E

M
 D

em
on

st
ra

to
r 

to
ol

 (
ht

tp
:/

/
ec

em
.c

lim
at

e.
co

pe
rn

ic
us

.
eu

).
 H

is
to

ri
ca

l m
on

th
ly

 m
ea

n 
w

in
d 

sp
ee

d 
fo

r 
N

ov
em

be
r 

19
79

 o
ve

r 
E

ur
op

e.
 E

ss
en

tia
l c

lim
at

e 
va

ri
ab

le
s 

an
d 

en
er

gy
 im

pa
ct

 
in

di
ca

to
rs

 a
re

 a
va

ila
bl

e 
on

 a
 r

an
ge

 o
f 

tim
es

ca
le

s,
 i

nc
lu

di
ng

 a
 h

is
to

ri
ca

l 
re

an
al

ys
is

, 
se

as
on

al
 f

or
ec

as
ts

 a
nd

 c
lim

at
e 

pr
oj

ec
tio

ns

 E. SUCKLING

http://ecem.climate.copernicus.eu
http://ecem.climate.copernicus.eu


 131

grand-challenges/gc-near-term-climate-prediction) aim to facilitate devel-
opment of decadal forecast approaches towards operational use.

concludIng remarks

The recent interest in seasonal-to-decadal forecasting has led to significant 
improvements in forecast skill, as well as a better understanding of the 
sources of forecast skill and climate predictability. At seasonal timescales, 
ENSO is reliably predicted several months ahead by the latest empirical 
and dynamical models, and ENSO teleconnections are also well predicted 
(Wang et al. 2009). Recent analyses of the reliability of seasonal forecasts 
have indicated that temperature predictions in the east and west coast of 
North America and parts of China and East Asia are reliable, particularly in 
winter (DJF), while predictions over South America, Southern Africa and 
Australia are reliable in austral winter (JJA) (see Fig. 9.3) (Weisheimer and 
Palmer 2014). Predictions in other regions and seasons may also be useful 
as decision-relevant tools; however, there is often a lot of diversity between 
different models, making it difficult to make statements about the broad 
level skill in those regions. Predictions of precipitation are generally less 
reliable, however. On the other hand, near surface winds are strongly con-
strained by the ocean in the tropics and are therefore relatively predictable. 
Furthermore, recent indications of skill in predicting the NAO during win-
ter show promising signals of predictability of winter winds and tempera-
tures in the extratropics, particularly over Europe (Scaife et al. 2014).

On decadal timescales, empirical methods have been demonstrated to rep-
resent temperatures well, both for externally forced signals (Lean and Rind 
2008; Suckling et al. 2016) and for idealised studies of internal variability 
(Hawkins et al. 2011). There is also evidence of predictability in north Atlantic 
SSTs related to skill in predictions of the AMOC (Pohlmann et al. 2013); 
however, evaluations are currently complicated by a lack of observations over 
an extended period. The initialisation of model predictions has provided 
some evidence of improvements in AMV and other large-scale models of vari-
ability (Doblas-Reyes et al. 2013a), as well as in predictions of, for example, 
Atlantic hurricane number more than a year in advance (Smith et al. 2010).

The future direction of climate forecasting for the energy sector will see 
continued efforts in the development of climate prediction systems, 
including a new generation of high-resolution global and regional climate 
models under projects such as PRIMAVERA,5 as well as improved under-
standing of the mechanisms that drive local variability and impacts and the 
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conditions which lead to greater predictability and forecast skill. Initiatives 
such as the Copernicus Climate Change Service (C3S—climate.coperni-
cus.eu) and its related projects are already working towards tailoring state- 
of- the-art climate forecasts for the energy sector, including the delivery of 
energy-relevant climate variables and energy-impact indicators from a sea-
son to several decades ahead.

notes

1. http://www.cpc.ncep.noaa.gov/products/NMME/.
2. https://www.ecmwf.int/en/forecasts/documentation-and-support/long-

range/seasonal-forecast-documentation/eurosip-user-guide/multi-model.
3. http://ecem.climate.copernicus.eu.
4. http://www.metoffice.gov.uk/research/climate/seasonal-to-decadal/

long-range/decadal-multimodel.
5. https://www.primavera-h2020.eu.
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