Stochastic parametrisations — toward a
new view of weather and climate

ECMWF/WWRP workshop on model error , April 11-15, 2016

Judith Berner



Stochastic Parameterization: Towards a new view of
Weather and Climate Models

JUDITH BERNER"
National Center for Atmospheric Research’, Boulder, Colorado
ULRICH ACHATZ
Institut fiir Atmosphdire und Umwelt, Goethe-Universitdt, Frankfurt am Main, Germany
LAURIANE BATTE
CNRM-GAME, Météo-France/CNRS, Toulouse, France
LISA BENGTSSON
Swedish Meteorological and Hydrological Institute, Norrkoping, Sweden
ALVARO DE LA CAMARA
France National Center for Atmospheric Research Boulder, Colorado
HANNAH CHRISTENSEN
University of Oxford, Atmospheric, Oceanic and Planetary Physics, Oxford
MATTEO COLANGELI
Gran Sasso Science Institute, Viale F. Crispi 7, 67100 L'Aquila, Italy
DANIELLE R. B. COLEMAN
National Center for Atmospheric Research’, Boulder, Colorado
DAAN CROMMELIN

CWI Amsterdam, the Netherlands and Korteweg-de Vries Institute for Mathematics,
University of Amsterdam



Key question

Model uncertainty a priori (insert uncertainty
where it occurs) or a posteriori (“holistic”
approaches: SKEBS, SPPT)



Outline

Weather application: Improve reliability and reduce
ensemble error in analysis and ensemble forecasts

Climate application: Reducing systematic error in
mean and variability, improvement of physical
processes

Seasonal application: Somewhere in between



Outline

Weather application: Improve reliability and reduce
ensemble error in analysis and ensemble forecasts
- increase spread

Climate application: Reducing systematic error in
mean and variability, improvement of physical

processes
- often entails a reduction of reduction of

variability, e.g. along a wave train

Seasonal application: Somewhere in between



A priori vs a posteriori
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(Epstein and Pitcher 1972; Lorenz 1975; Pitcher 1977,
Palmer 2001), if only to provide reliable estimates of
model uncertainty, then a fundamental conclusion of this
study is that such a posteriori addition of stochasticity to
an already tuned model is simply not viable. This in turn
suggests that stochasticity must be incorporated at a very
basic level within the design of physical process parame-
terizations and improvements to the dynamical core.
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Stochastic parameter perturbations (SPP)

Grell
convection
scheme

MYNN PBL
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Perturbations to Grell-Freitas Convection Scheme

Perturbed parameter Name
Closure xf_ens
Namelist Parameter Value (in SI) Value (other than SI)
rand_perturb2 1
gridpt_stddev_rand_pert2 0.3
stddev_cutoff_rand_pert2 3.0
lengthscale _rand_pert2 150000m 150km
timescale_rand_pert2 21600s 6h
Perturbations to Planetary Boundary Layer Scheme
Perturbed parameter Name
Turbulent Mixing length el
Subgrid Cloud fraction (perfectly correlated with EL) cldfra_bl
Thermal and Moisture Roughness Length(anticorrelated and twice the amplitude) CZIL
Namelist parameter Value (in SI) Value (other than SI)
rand_perturb3 1
gridpt_stddev_rand_pert3 0.15
stddev_cutoff_rand_pert3 2.0
lengthscale _rand _pert3 700000m 700km
timescale_rand_pert3 21600s 6h




Experiment setup

s  Limited area model: Contiguous United States (CONUS)/NARRE
%  Weather Research and Forecast Model WRFV3.6.1

% 15km horizontal resolution

< 10-member ensemble, integrated for 24h

% 10 dates in June of 2015, 00Z and 127

** Boundary and initial conditions are taken from GEFS



Multi-physics ensemble

multi-physics members Convective PBL LSM
control0 OSAS MYNN RUC
control1 BMJ MYNN RUC
control2 GF MYNN RUC
control3 NSAS MYNN RUC
control4 GF MYJ RUC
control5 GF YSU RUC
control6 GF BOULAC RUC
control7 GF MYNN RUC
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Brierscore skill score near the surface
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Relative skill improvement

CNTL
Average over all forecast lead times PARAM
—— SKEBS
Variables are U700, T700, U10, T2 — PHYS10
— PHYS10_SKEBS
Reference is CNTL —  PHYS3_SKEBS_PARAM
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NB: Role of bias
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The relative impact of SKEBS and SPPT
will depend on the tuning!



WRF-DART:Verification of surface analysis

against independent observations
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Difference in SST Mean
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erence in SST standard deviation
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Nino3.4 Power spectra
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Difference in U850 standard deviation
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Stochastic
parameterizations can
change the mean and
variance of a PDF

72 Impacts variability

72 Impacts mean bias

Double-well
potential with
weak additive
white noise

Double-well
potential with
strong additive
white noise
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Northern Annular Mode (MAM)

1°t EOF of sea level pressure over Northern Hemispheric Extratropics

CAM4 AMIP
simulations
(prescribed SSTs),
1900-2004

Stochastic
parameterization
improves pattern
and reduces
explained variance

Degenerate
response: SKEBS and
SPPT have same
effect
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Conclusions

? Parameter perturbations (a priori) do not
generate enough uncertainty in ensemble
systems. Currently, a posteriori methods (SKEBS,
SPPT, residual methods) are necessary for reliable
ensemble system

? The same holds for other a priori methods (Plant-
Greg scheme, PBL variation scheme)

72 In NWP model-error schemes are mainly used to
generate spread

Role of bias needs to be revisited

72 In climate models, stochastic methods can reduce
coupling and reduce variability



Future work

?2 Perturb
dynamical tendencies
land surface models
divergence in skebs

stochastic perturbation in GF convection scheme as
function of large-scale forcing

72 Will impact of stochastic parameterizations change at
convection-resolving/allowing scales, where largest
uncertainty moves to micro-physics?

? s climate sensitivity influenced by subgrid-scale
variability (Seiffert and von Storch 2009)

#” SKEBS will be implemented into MPAS and used to
study predictability in the presence of kink in spectrum
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Thank you!
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Mean systematlc error of 500 hPa
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Impact of SKEBS on precipitation bias

Coupled control run shows significant bias due to split
inter-tropical convergence zone

OBS (GPCP) CNTL-OBS SKEB-CNTL

SKEBS reduced bias in precipitation
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