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Intro...

What is empirical prediction?

IH

 “Empirical” — based on experience
* Using existing global data sets to construct hypotheses and
prediction methods.
 What do observations tell us about the workings of the climate system?

* Whatis the maximum value we can extract from real world data?

* Eliciting statistical relationships to represent known physical
processes in the climate system.

* Usually, the relationship between regional-scale anomalies in a
target variable (the “predictand”) and climate phenomena (the
“predictors”).



Intro...

III

or “statistical”?

“Empirica

 Terms often used interchangeably:
e van den Dool (2007) asks:
 Are we driven by intuition? (empirical)

 Orto apply or develop a statistical methodology? (statistical)

* Inseasonal prediction, it’s usually the former...
* The first step is always to understand physical relationships.

 Then to find a statistical model that best represents these relationships.



Intro...

Dynamical prediction... and its limitations

e Operational seasonal forecasting now a regular activity.

 Dynamical forecast systems remain the most important tool in
producing predictions.

* However...
 Development is inherently complex.

* Forecast generation is computationally demanding.
* Errors and biases limit model skill.



Intro...

A place for empirical prediction

* An alternative to dynamical prediction systems.
* May serve as a baseline for dynamical models.

* Used to improve forecasts by limiting the effects of dynamical
model biases.

e Particularly so in regions where dynamical systems have known
weaknesses.



Intro...

A place for empirical prediction

* An alternative to dynamical prediction systems.
* May serve as a baseline for dynamical models.

* Used to improve forecasts by limiting the effects of dynamical
model biases.

e Particularly so in regions where dynamical systems have known
weaknesses.

* However...
Different development...
...different output...

...systematic comparison difficult...

(more later...)
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2. Teleconnections and the basis empirical seasonal prediction



Basis...

Teleconnections

 Atmospheric circulation exhibits sustainable variability on time
scales from a few days to several years or even centuries.

* Recurring and persistent patterns of pressure and circulation
anomalies across large vast geographical areas -
teleconnections.

* Teleconnections typically form the basis for an empirical

seasonal prediction model.
« When we have existing knowledge of a teleconnection...
e ..we can develop an empirical model to represent it.



Basis...

Known ENSO teleconnections
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Basis...

Lagged teleconnections

* Teleconnections often spoken about in simultaneous terms...
which is not much use for prediction.

* In reality, an anomaly in the climate system may take days/
weeks/months to propagate.

* Regional climate anomalies associated with ENSO, for instance,
may be predictable many months in advance.

* Empirical models often incorporate some lag — finding a link
between the predictand and the predictor at some lead time.
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3. Methods in empirical seasonal prediction



Methods...

Persistence

* Empirical prediction at its most simple.

* Persistence: observations of a given variable at some lead time
are taken as the forecast for that variable.

* Such forecasts have frequently performed better at short lead
times than those simply prescribed by climatology.

* Often persistence is used as a reference method for other
statistical methods.



Methods...

Persistence — what is the best we can do?

Correlation between MAM
and DJF climate anomalies
(1961-2013).

Temperature

* Persistence usually skillful
for temperature in the
tropics... less so in other
regions.

* For precipitation, skill is
generally limited.

Precipitation




Methods...

Linear regression

* Stronger skill usually comes from relating the temporal sequence
of predictor and predictand events in the observed record by
simple linear regression.

* Forinstance, a linear regression model may describe the
relationship between soil moisture during March and

temperature during April.
* Dry soil -> decreased evaporation -> increased temperature.
* Forecast for time t requires regression coefficients applied to soil
moisture at time t-1.

* Other possibilities include making use of the predictive skill
associated with long-term climate change.



Methods...

Linear regression — global warming signal

Much discussion recently on the
merits of using global warming
signal as a source of skill.

Correlation between observed and
predicted MAM climate
(1961-2013) using greenhouse gas
concentration as a predictor in a
linear regression model.
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Methods...

Non-local linear regression

* In seeking to represent teleconnections, “non local” linear
regression is more suitable.

* For example, what is the linear relationship between European
winter temperatures and Pacific SST from the preceding autumn.

* Often, we use climate indices to describe climate anomalies in
remote regions:
« ENSO: NINO3.4, NINOA4.
* Pacific Decadal Oscillation (PDO).
* Indian Ocean Dipole (10D).... etc.



Methods...

Pattern-based regression

 More complex methods seek to find patterns of variability
in spatial fields of climate data.

* EOF analysis is common method of reducing data into
several ‘modes’.

* The linking of a time series of spatial patterns with, either,
a time series at a given location or, alternatively, another
time series of patterns.

* For examlple, the time series of one or mode EOF modes
may be used to fit a (multiple) linear regression model to
estimate the predictand.




Methods...

Pattern-based regression

Predictor Predictand

E — > E Linear regression

1-D pattern
regression

> Coupled pattern
regression
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Pattern-based regression

Predictor Predictand

E — > E Linear regression
N E /\

Example:
1-D pattern Forecasting spring
regression rains in Ethiopia

> Coupled pattern
regression




Methods...

Pattern-based regression — example

Forecasting spring rains in Ethiopia
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Pattern-based regression — coupled patterns

Predictor Predictand

E — > E Linear regression
> E

1-D pattern
regression

> Coupled pattern
regression




Methods...

Pattern-based regression — coupled patterns

Predictor Predictand
E — > E Linear regression
> E
1-D pattern
regression
E
> Coupled pattern
regression

Methods include:
e Canonical
correlation
analysis (CCA)
* Maximum
covariance
analysis (MCA).
* Linearinverse
models (LIM)

Much literature on
the merits of each!

Generally more
appropriate over
limited region where
meteorology is well-
understood.



Towards probabilistic prediction...

Methods...

Deterministic vs probabilistic prediction.

Whereas an individual deterministic forecast can be often be

judged right or wrong, this is not possible for probabilistic
forecasts.

For comparison with probabilistic output from dynamical

model ensembles, empirical prediction must also be
probabilistic.

More in the next section...
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4. Empirical seasonal prediction in practice



In practice...

Development of a global empirical
prediction system

. - “Z
SPECS (S |-to-decadal climate Prediction f e
( easonal-to-decaadal ciimate rreaicton 1or SPECS

the improvement of European Climate Services)

Seasonal-to-decadal climate Prediction for the
improvement of European Climate Services

Work package 5.1: Building a prototype empirical
prediction system for surface air temperature and
precipitation:

» Seasonal prediction (led by KNMI)
» Decadal prediction (led by University of Reading)



In practice...

Development of a global empirical
prediction system

SPECS

° . Seasonal-to-decadal climate Prediction for the
DESIgn b rlef: improvement of European Climate Services
* Global applicability with emphasis on Europe
* Exploit the long-term trend as an important source of skill

* Probabilistic output; act as a benchmark for dynamical forecast systems
as well as a forecast system in its own right.

System built on lagged multiple linear regression.

* Seasonal (three-month) forecasts produced at one month lead time.

* Predictors: CO, equivalent; indices describing modes of variability,
locally-varying predictors.

* Predictor selection based on physical principles to fullest extent.



In practice...

Predictor selection and model fitting

CO, equivalent Predictors describing

/ internal variability
r=ao-+ ﬁ@—l— <I> —|— €
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Predictor selection and model fitting

CO, equivalent Predictors describing

/ internal variability
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Predictor selection and model fitting

CO, equivalent Predictors describing

/ internal variability
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Predictor selection and model fitting

Predictor selection
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Predictor selection and model fitting
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In practice...

Predictor selection and model fitting

Nino3.4
PDO
AMO
QBo—
1ob-
l o

k Persistence
r=a+B0+Y (RF)+e
] \

=1

Predictor selection

from model fit randomly
sampled and added to estimate to
produce forecast ensemble



In practice...

Forecast generation and verification

» Hindcasts produced for 1961-2013 compared with observations.
= Data from all previous years used to generate hindcast.

= System design facilitates framework used in verification of dynamical system
output.

=  Deterministic output:

= Correlation
= RMSE

=  Probabilistic output:
= Verification skill scores, including continuous rank probability skill score (CRPS) (R
package: SpecsVerification)
= Skill scores generated with respect to a reference forecast, generated from
randomly sampling the climatology (sample size = 51).



In practice...

Predictor selection

CO2EQV
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Correlation between observations predictions
for DJF surface air temperature (1961-2014).

Linear regression model with one predictor:
CO,-equivalent (CO2EQV).



In practice...

Predictor selection

CO2EQV +| ... +NINO3.4

-60 -30 0 30 60

Add predictors

What is the incremental
correlation gained by adding
additional predictors?
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Predictor selection
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Predictor selection

CO2EQV +| ... +NINO3.4
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Predictor selection

CO2EQV +| ... +NINO3.4
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What is the incremental
correlation gained by adding
additional predictors?
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Predictor selection

CO2EQV +| ... +NINO3.4
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In practice...

Forecast generation and verification

" Hindcasts produced for 1961-2013 compared with observations.
» Data from all previous years used to generate hindcast.

= System design facilitates framework used in verification of
dynamical system output.

= Deterministic output:

= Correlation
= RMSE

= Probabilistic output:
= Verification skill scores, including continuous rank probability skill score
(CRPS) (R package: SpecsVerification)
= Skill scores generated with respect to a reference forecast, generated
from randomly sampling the climatology (sample size = 51).



In practice...

Forecast skill: surface air temperature
JIA DJF

Correlation

CRPSS




In practice...

Forecast skill: precipitation

Correlation

CRPSS




In practice...

Prediction system: summary

Prediction system produces good skill in many regions

SAT: Interannual variability is well-represented throughout the

tropics and in a number of extra-tropical regions:
* Parts of Europe, particularly during spring and summer

 Southern Africa, eastern Australia
* Spatial for correlation and CRPS patterns broadly similar

PRECIP: Few areas of notable skill are found
* Correlation in regions with known ENSO teleconnection is strong.
* Probabilistically, system does not perform better than the climatological

ensemble throughout most of the world



In practice...

Forecast dissemination

* Forecasts made as soon as B SRR B
. . . Climate Explorer European Climate Assessment & Data _ (o}
predictor data is made available.

Help News About Contact Seasonal forecast verification Climate Change Atlas

. empirical seasonal forecasts i
* |n praCt'Ice, between Sth and 10th of SPECS emp . >

Past observations are used to deduce significant correlations between the weather in the last > Daily climate indices

h h three months (up to the beginning of the month) and the weather over the next season (from > Monthly station data
each montn.

the end of the month). The main predictors are El Nifio / La Nifia and the trends due to global >

warming. Overfitting is avoided as much as possible. The system has been documented in > Annual climate indices
(under review). > View, upload your time series

This web page is under construction. Please give feedback if it does not work properly. Selecta field
* e.g. Forecast for November, made :
Options >
between 5_10th October usi ng Forecast November-January 2015 from October v ;

Variable Temperature ¥

N

predictor data from July-August- Forecestanemates . ) o

September (i.e.’ One month |ead). ;I:Iznl:lzCI:IIP5+sz(e:remgraigorL:'r-1‘25

> Annual CMIPS extremes

> Monthly EC-Earth scenario runs

 Forecasts and verification ottt

> View, upload your field

Stati Sti CS m a d e ava i Ia b | e O n K N M I Forecast anomalies ['C] of NovemberJanuary 2015 temperature made in early October.

SPECS Empirical Seasonal Forecast: surface air temperature (NDJ 2015)
Ensemble mean anomaly (wrt 1981-2000)

Climate Explorer.
climexp.knmi.nl/spes.cgi

* Forecast/hindcast netcdf files
available for download.




In practice...

Comparison with dynamical forecasts

ECMWF/Met Office/Meteo-France/NCEP

EUROSIP multi-model seasonal forecast
JAS 2015

Mean 2m temperature anomaly
Forecast start reference I3 010615
Variance-standardized mean
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In practice...

Comparison with dynamical forecasts

EUROSIP multi-model seasonal forecast ECMWF/Met Office/Meteo-France/NCEP

Mean 2m temperature anomaly JAS 2015
Forecast start reference IS 01/06/15
Varance-standardized mean
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In practice...

Comparison with dynamical forecasts

EUROSIP multi-model seasonal forecast ECMWF/Met Office/Meteo-France/NCEP

Prob(precipitation > median) JAS 2015
Forecast start raference Iz 010615
Unweignted mean
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SPECS Empirical Seasonal Forecast: predapitation (JAS 2015)
Prob(most Ikaly categary of pracpitation)
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In practice...

Comparison with dynamical forecasts

EUROSIP multi-model seasonal forecast ECMWF/Met Office/Meteo-France/NCEP

Prob(precipitation > median) JAS 2015
Forecast start raference Iz 010615
Unweignted mean
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SPECS Empirical Seasonal Forecast: predapitation (JAS 2015)
Prob(most Ikaly categary of pracpitation)
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In practice...

Further development

* Prediction system presented and validated in Eden et al. (2015),
Geosci. Model Dev. (in review)

* Further model development based on feedback from users.

» Alternative methods of ensemble generation.
* Additional forecast information to made available via Climate Explorer.

* Higher resolution forecasts forthcoming.

* A model for decadal prediction built with the same principles has
also been developed (Suckling et al., Clim. Dynamics., submitted).
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5. Summary and outlook



Summary and outlook

Outlook...

Dynamical models are process-based and can resolve non-linear
terms — an inherent advantage over empirical models that are

(usually) linear.

However, when the processes involved in seasonal prediction are
also linear, dynamical methods may have no clear advantage.

Thus, empirical methods continue to play an important role:
* As an often credible alternative to dynamical models.

* As abenchmark for aiding the development of dynamical models.

Is there scope for greater communication and collaboration
among dynamical and empirical forecast-makers?



Thank you

@' jonathan.eden@knmi.nl — i@Jonathan_Eden
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