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Development of a decadal climate prediction system
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« A decadal climate prediction system (DePreSys)
based on the Hadley Centre coupled global climate
model, HadCM3, has been developed.

« The ability to predict climate variability on annual to decadal timescales would be important
both to pre-empt criticism of greenhouse gas emissions policy in the event of a run of cold 0
years, and to enable vulnerable sectors of industry and commerce to take account of climate

change in future planning.

435 « In order to initialise the ocean component a new

dataset of monthly mean optimally interpolated

e There is mounting evidence that low frequency climate variability is, at least partially, forced

by the ocean. Accurate initialisation of the state of the ocean is therefore likely to be a key S ocean temperature and salinity anomalies has been
n 45E  BaE 135E 180 135W  Qow 45w ingredient of a decadal climate prediction system using coupled climate models. To this end
. . . . created (panel (1)).
a new three-dimensional optimally-interpolated dataset of monthly mean ocean temperature
(b) Pseudo observatio and salinity anomalies has been developed. 0N [

o Climate drift during forecasts is avoided by
assimilating observed anomalies added to the model
climate, rather than observed values (panel (2)).

« Optimal interpolation creates an analysis at any required location by combining the 45H
available observations with weights which depend on their spatial (and temporal) anomaly '
covariances. This is illustrated in figure 1 (c) which shows the analysed temperature anomaly
obtained by optimal interpolation of * pseudo observations’ (b) which were generated by
sampling a monthly mean subsurface temperature field (a) from the control run of the Hadley
Centre coupled global climate model (HadCM3) at locations typical of real ocean
observations. In this case the anomaly covariances are well known (from HadCM3) and,
although the observations are sparse, the analysis is a good representation of the truth.

« The skill of the system has been assessed in a set

433 of 60 hindcasts initialised from 1979 to 1993.
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2h ke N 18R T JEW S B « Compared with state-of-the-art seasonal
forecasting models, DePreSys performs well on

O 45E 90E 135E 180 135w Q0w 45w : : : : :
e In reality, subsurface ocean observations are too sparse to provide reliable covariances.

() Rralied R dRbRay Instead,_ we bas.e our optimal |n.terpolat|on on covariances from. HadCMB. Recog_n|5|_ng that QoM seasonal timescales (panel (3)).
Q0N e — : : > these will contain errors, especially at large distances, we restrict their use to objectively
T 2 fﬂ defined local regions. 451 _ _ _ -
45 % - There are encouraging signs of predictability on
_ % -_Example analyses are presented in figures 2 and 3. As a test of the analys.is procedure, g multi-annual timescales (panel (4)). The correlation
R ) N, S flgu_re 2 .demonstr_ates that analysed sea §urface temperature (SST) anomglles (c) created_ by between observed and predicted annual mean
: optimal interpolation of buoy data (b) are in reasonably good agreement with analyses which lobal . T ¢ [r—
' : - - include satellite data (a). Figure 3 demonstrates that the analyses are able to capture 435 global near surface a!r emperature ove_r and Is
435 e e e e important oceanic dynamical signals, such as the eastward propagation of subsurface | : : | almost 0.6 at a lead time of one year (figure 5).
[ - 4 | ] 2 temperature anomalies in the equatorial Pacific which contribute to the generation of El Nifios F05 L ! ! —= ! ' ! '
- i | | o . . andpLa e q 9 G e o aw s Furthermore, there are a number of regions for
1Z5F 1RO 1350 OOW ' which the temperature over the next few years could
w : & —1 —0.75-0.5-0.25 0 025 0.5 075 | - - -
R Y T . Since observations of salinity are particularly sparse, we employ multivariate optimal be sufficiently pre_d'CtabIe to be of use to industry
interpolation of temperature and salinity observations to generate the temperature and Figure 2: Reconstruction (c) of SST by optimal and commerce (figures 8 & 9).
Figure 1: Reconstruction (c) of model temperature salinity analyses. This takes advantage of any correlation between temperature and salinity interpolation of surface buoy data from the Levitus 1998
anomalies (a) at 204m by optimal interpolation of * pseudo anomalies to generate salinity analyses from temperature observations, resulting in much dataset (b). HadISST (a) is an analysis of all SST
observations’ (b) sampled at typical real world better salinity analyses than would be obtained from optimal interpolation of salinity observations, including satellite data, and may be
observation density. observations alone. regarded as close to the truth.
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B : ( rm— e o Figure 3: Time series of

analysed temperature
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L e S S SSESRRtTo  anomalies on a longitude- T : - :
o | depth cross section of the (2) Model initialisation (3) Verification of seasonal forecasts
| Sl o ¥ |8 T, equatorial Pacific. The
Do e N W e eastward propagation of _ o

oot T subsurface anomalies leading » Before making forecasts, the ocean component of HadCM3 is initialised by « In order to assess the skill of the decadal prediction system (DePreSys), a set of 60
150E 180 {5 1atw o to the EIl Nifio of 1986-87 and _relaxmg (with a 6 hour tlm(_ascal_e) the temperature and salinity fields to the optimally hindcasts has been performed. Initial conditions were created as described in panel
-15 -1 05 0 D5 1 15 the following La Nifia can Interpolated dataset described in panel (1). (2) for the period 1979 to 1993, from which 10-year forecasts were initiated from the

[=) OJF 1987—1958 clearly be seen. 1st March, June, September and December in each year.

« In addition, the atmosphere component of HadCM3 is initialised by relaxing (with a
3 hour timescale) the horizontal winds, potential temperature and surface pressure
to the ECMWEF 15 year reanalysis of atmospheric observations
(www.ecmwif.int/research/era/ERA-15).

 During the forecasts anthropogenic forcing from greenhouse gases and sulphate
aerosols was increased in line with observations. Aerosol from major volcanic
eruptions occurring prior to initialisation was assumed to reduce exponentially with a
: : : L timescale of one year, and solar variability was accounted for by repeating the
A « Models are not able to simulate the observed climate perfectly. This is liable to previous 11-year solar cycle.
e A TeCiTiI oo e R TR TR introduce a bias in the forecasts as the model drifts away from the observed state
Langhrinde Langhuae Longice towards its preferred climate. In seasonal prediction it is standard practice to pre-
calculate this bias over a large number of test cases and remove it from forecasts
as an a posteriori empirical correction. We believe this strategy to be undesirable for
decadal prediction, since generation of a set of test cases required to specify the
time, space (and possibly flow) dependent bias accurately relative to the magnitude
of the predictable signal being sought would require substantial computational
resources. We therefore adopt an alternative approach in which the model is
initialised with observed anomalies added to the model climate, rather than with

observed values.

Dwgrth (m)

« Ensemble forecasts of 4 members were generated in order to sample the range of
predictions consistent with observational uncertainty. Each ensemble member was
initialised from consecutive days immediately preceding the forecast period.

« A system capable of predicting climate variability on inter-annual to decadal
timescales would also be expected to perform reasonably well on seasonal
timescales. This was verified by comparing forecasts of El Nifio with state-of-the-art
seasonal prediction systems from the European DEMETER project (table 1).
DePreSys performs at least as well as most of the other systems, subject to the
caveat that a totally clean comparison is not possible, since the DePreSys forecasts
started on 1st March (cf 1st February for the DEMETER forecasts), and the forecast
years are not the same (even for the different DEMETER models).

F' Observations

: predictable a year in advance (figure 7). On these timescales, regions of the Indian
'F ”“m ‘ HHI ocean, the central North Atlantic and the Kuroshio current also appear to be
Figure 7: As figure 4 but for annual mean

me "I"”m". predictable, and could therefore be sources of oceanically forced climate variability.

' | Supe rsembleind) « Many sectors of industry and commerce affected by climate variability require Nifio3 SST.
1980 1985 1990 _199s regional forecasts of the next few years. To identify potentially predictable regions,
e figure 8 shows a map of the ACC of 4-year mean near surface air temperature at zero
E Observations

: lead time for 15x15 degree boxes (regridded to 5x5 degrees). On these timescales
‘;‘ “ “" ‘”‘ ' ‘“ there are encouraging signs of predictability over many regions, including east Asia,
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Super ensembleid 14

Model Months2-4 Months4-6
ECMWF 0.95 (0.88) 0.79 (0.53)
(@ ACC of : —— GloSea 0.76 (0.87) 0.66 (0.73)
d OI annual mean global near (a) ACC of annual mean global near SON |
surface air temperature over sea ' - LODYC 0.84 (0.87) 0.61(0.65)
Lo P OVE SR g Resiai fefnperatiie bvel ang (4) Multi-annual forecasts _
I Pgrmtenoe f Er 24 ] ] b Persistence . . A5 il _ Fol MHA 0.65 (D.BD) 0.44 (0.50)
= ' ira—ensemble uper ensemmbleldx i i e ki i I . . N j = 37 % ' Wl
2 | e 8 _ Supreurhiied e T R EoE o Mt L o S CERFACS 0.90 (0.95)  0.58(0.82)
= 05 e . = 05- s : : . p— AT el R
% i _ g - « Figure 4(a) shows the anomaly correlation coefficient (ACC) between forecast and O == B T e e ¢ PR <, SR INGV 0.89 (0.96) 0.72(0.88)
Z. : \ 2 I \ & : observed annual mean near surface (1.5m) air temperature over sea as a function of I"' - ! ?"" '_.-'f-': fin j Meteo- France  0.74 (0.89) 0.42(0.71)
= - = I ] forecast lead time averaged over all 60 hindcasts. The green curve (labelled intra- ASS - w1 o oo ST e e T
= 00 = 00 9 g = il -y LR =
§ I o \ ;.é i y ensemble) is the average ACC between individual ensemble members. The difference a = a0 ?--I | e -,_; pefreys 090(0.54) 0.69(0.79)
i : i i between the actual skill of single member forecasts (light blue curve) and the intra- g0% S o i e e——— e | - - »
—0.5 = = : ' 05— ensemble skill gives some indication of the potential for improving skill by increasing 180 135W 90w 45W O 4BE S90E 135E delblle 1 MDY Gelie gtlo_n ey NIel (Wirfes)
- R o 58 2he S LR the density of observations and eliminating modelling errors. The single member -'- ' SST for the Decadal Prediction System
Forecast lead period (seasons) Forecast lead period (seasons) y oo _ g g o g - o [ T L DePreS d | d in this studv (March
: : : . forecasts are significantly more skillful than forecasts obtained by persisting the initial 0 01 02 03 04 05 06 (DePresSys) develaped Inithis Silidy (Marc
(b) Time series of forecasts at one year (b) Time series of forecasts at one year : ) : : - ~ : : : : forecasts, 1979-1993) compared with
R lead time (seasons 5—8) R lead time (seasons 5—8) anomalies (dark blue curve). The potential for improvement by ensemble forecasting _ _ I’f _ dels f .
e T ' 3 T I R | R can be seen by comparing the 4 member ensemble mean (orange curve) with the Figure 6: Anomaly correlation of annual mean near seasonal forecasting modeis from the
g [ i 5 single member. In order to assess the possible impact of additional ensemble surface air temperature at a forecast lead time of one SUEREE PIBMIETIER PTOIEE!
5 E IR E members we create a * super ensemble’ (red curve) by averaging 4 seasonally- year (seasons 5-8) for 15x15 degree boxes (www.ecmwf.int/research/demeter).
A I || I Jll l | |n E Ok Il i l| ‘I ll | i lagged 4 member ensemble forecasts. For example, the super ensemble forecast for (regridded to 5x5 degrees).
E Of |‘- ; |' |'||,. | G E Ofr A [ I ||||I|| || I || : the annual mean from March 1980 would be an average of the ensemble forecasts
Z I " | ‘ 2 i l |U ” ] from March 1980 (seasonsl1-4), December 1979 (seasons 2-5), September 1979
=z -lf z -,—E ThE ; (seasons 3-6) and June 1979 (seasons 4-7). The 4x4 member super ensemble is (a) ACC of annual mean Nino3 SST
E : Sipet ehsectb i) S Super ensemblefdxd) significantly more skillful than either the single member or the 4 member ensemble i oo 1 VR A o
—2F pllf @ e ow o e Twopee gelie g < —2E L L e ¢ s (| SO . - ) .. . [ Persistence . 15
< s 1990 | oy o 550 | oo forecasts at.medlu_m lead periods (e.g. 5 8 seaspns), |nd|cat|ng a need for larger 5 Sipit Bt
Eruption of Mt Pinatubo Eruption of Mt Pinarubo ensemble sizes. Figure 4(b) shows the time series of observations and super 5 sl
_ _ o _ _ ensemble forecasts at a lead time of one year. The sign of the anomalies are forecast £ L
Figure 4: (a) Anomaly correlation coefficient Figure 5: As figure 4 but for annual mean reasonably well, except for the cooling following the eruption of Mount Pinatubo in 5
(ACC) between forecast and observed annual global near surface air temperature over 1991 which would only be predictable if the eruption could be forecast. E ool
mean global near surface air temperature over land. 2 Tr
sea as a function of forecast lead time. See text <
for details of the different lines.  (b) Time . Surprisingly the global air temperature appears to be more predictable over land o5l . . 3 A
series of observations and forecasts at a _ﬁ E. Asia (105-145°E,25-55°N) (figure 5) than over sea (figure 4). Further investigation is required to uncover the 14 Fmi;g « load 9‘;; (seasl;:sl)ﬁ R
forecast lead time of one year. & “F Bt : reason for this. =
z b ] (b) Time series of forecasts at one year
B : _ lead time (seasons 5—8)
5 £ Zf pooese = B ]
g « In order to identify the sources of the predictability exhibited in figures 4 & 5, figure 6 g f A
= : shows a map of the ACC of annual mean near surface air temperature at a lead time é LE E
- Supecensermble(iad) of one year for 15x15 degree boxes (regridded to 5x5 degrees). As expected, the T Of | | h l |”I“
Rl 1985 1990 1995 tropical Pacific appears to be an important source of predictability, and it is T Of l. ||r| | | i it ]
e NE. Africa (15-35°E,5-35°N) encouraging that the correct sign of annual mean Nifio3 anomalies is usually g:“ I ”I U [ “ | ‘ U
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1985 1990 1995

Anomaly (standard deviations)
o

90%
180 135W 90W  45W O 458 S0E 133k

o D 842 0.3 94 O B .7 4.8

north-east Africa, western USA and parts of western Europe (figure 9). (5) Future work

Anomaly (standard deviatons)
o

Super ensemblefdad)

Figure 8 As Figure 6. but for 4-vear mean near o e s = « Further analysis is required in order to assess the predictability of other climate
su?face aiir temgeratu;e I %)recast ead time W. Burope (10"W—10"EA45>-60"N) variables, including precipitation and extreme events, and to present results in a

(seasons 1-16). - Whspg probabilistic framework.
I _ - _
“ V”I” | - The gap between the actual skill and the theoretical skill diagnosed from the intra-
ensemble correlation (figure 4(a)) suggests that improving the model and its

“[HM‘I‘

Anomaly (standard deviations)
o

SR Initialisation would give more accurate forecasts. Efforts to improve the model are
‘12980 1083 1950 15;95 ongo_ir?g and mgthodg for impr_oving initialisa_tion, by achievin_g more balancgd initial
conditions and including additional observations (such as altimeter data), will be
Figure 9: Time series of observed and forecast 4-year explored.

mean near surface air temperature over land at zero
lead time (seasons 1-16) for selected regions.

« The ensemble technique used so far accounts for the influence of uncertainties in
the initial conditions but not for modelling uncertainties. The possibility of generating
ensembles which account for modelling uncertainties, through perturbations to the
model physics, will be investigated.




