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Ensemble simulation: an old practice in operational NWP

A new era in NWP began on 7 December 1992 when NMC
began performing daily ensemble predictions … In adopting
the ensemble approach, we explicitly recognize that forecasts
should be considered stochastic, not deterministic in nature.

Tracton and Kalnay, 1993

Ensemble simulation: an old practice in operational NWP
… also of interest to (operational) ocean modelling
Atmospheric and oceanic computational simulation
models often successfully depict chaotic space–time
patterns … This success is accomplished through
necessary but nonunique choices for discrete
algorithms, parameterizations, and coupled
contributing processes that introduce structural
instability into the model. Therefore, we should
expect a degree of irreducible imprecision in
quantitative correspondences with nature, even with
plausibly formulated models and careful calibration.
Where precision is an issue (e.g., in a climate
forecast), only simulation ensembles made across
systematically designed model families allow an
estimate of the level of relevant irreducible
imprecision.

Small changes in initial or
boundary conditions imply
limited predictability with
exponential growth in
phase space differences.

Mc Williams, 2007

Small changes in model
formulation alter the long-time
probability distribution function
(PDF) (i.e., the attractor).

On the chaotic nature of ocean-atmosphere dynamics
in a global eddy-permitting ocean circulation model (NEMO)

Ensembles: needed to solve a variety of problems
in NWP, ocean physics, marine biogeochemistry and ecology etc.
when precision is an issue
• Sensitivity to initial conditions and chaoticity (Popova et al., 1997)

• Predictability studies (Seferian et al., 2014)
• Probabilistic modelling and risk assessment for decision-making (Meier et al., 2019)
• Quantification of chaotic intrinsic variability modes (Gehlen et al., 2020)
• Ocean BGC state estimation through Data Assimilation (Carmillet et al., 2001)
• Parameter estimation incl. regionalization (Doron et al., 2013)
• Hypothesis testing to identify error sources (Schartau et al., 2017)
• OSSEs and observing system design (Germineaud et al., 2019)
• …

Generation methods under consideration depend on the purpose
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Ensembles of BGC variables usually depict non-gaussian PDFs
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Coupled physical-BGC models: system components
Approximations resulting from the system design

Atmosphere, Sun
(ERA-5)
Ocean
physics
(NEMO)
Uncertainty sources:
- external forcings, air-sea fluxes
- physics – biological « coupling »
- unresolved scales, unresolved bio-diversity
- physical, optical processes and parametizations
- biological processes and parameterizations
- numerical schemes, discretizations etc.

Ocean
biology
(PISCES)
Ensembles are assumed to sample
the PDFs resulting from these many
sources of uncertainty

Ensemble generation with NEMO and/or PISCES
Exemples
• Unresolved sub-grid scale fluctuations in PHY or BIO (Brankart et al., 2015)
• Uncertain BIO model parameters and unresolved sub-grid scales fluctuations in BIO
(Garnier et al., 2016; Santana-Falcon et al., 2020)
• Impact of intrinsic dynamical variability on CO2 air-sea fluxes (Gehlen et al., 2020)
• Perturbation of numerics in coupled PHY/BIO simulations (to account for location
uncertainties) (Leroux et al., 2021)
• Perturbation of atmospheric forcings (Vervatis et al., 2021)
… and combinations

NEMO ensemble generation based on Brankart et al. (2015)
Uncertainties in the computation of density – unresolved sub-grid-scale fluctuations

random fluctuations (based on AR1 processes)
https://zenodo.org/record/61611

No effect if equation of state (EOS) is linear

From a 96-member ensemble after 6 months

NEMO-PISCES ensemble generation based on Garnier et al. (2016)
Uncertainties in BGC model parameters p + unresolved, sub-grid scale fluctuations

NEMO-PISCES ensemble generation based on Garnier et al. (2016)
deterministic vs. stochastic
50 members

Time evolution of the phytoplankton PDF
from January to June 2005
(no perturbation of the dynamics)

NEMO-PISCES ensemble generation - Vervatis et al. (2021)
Uncertainties in physical model parameters, unresolved, sub-grid scale BGC fluctuations
and atmospheric forcings (Bay of Biscay)

https://zenodo.org/record/2556530

(De Mey et al., 2016 ; Vervatis et al., 2021)

Wind uncertainties dominate
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Verification metrics and skill scores
First applications to BGC ensembles in FP7 SANGOMA projet
• Main idea: consider the probability distribution as described by the ensemble, not only the
mean and standard deviation (→ deals with non-Gaussian behaviours)
• Key properties:
• Reliability = system’s ability in producing PDFs in agreement with obs distribution
• Resolution = system’s ability in discriminating distinct observed situations (how informative
is the system)
• Commonly used metrics (mostly from NWP)
• Rank Histograms (RH, or Talagrand Diagrams, Candille et al., 2015)
• Reduced Centered Random Variable (RCRV)
• Continuous Rank Probability Scores (CRPS) : measures the global skill of a probabilistic
system by evaluating both reliability and resolution
• Brier Score (BS): a restriction of the CRPS to the probability space
• Entropy (EN): measures the information content of the system, closely related to resolution
► Code available : github.com/brankart/ensdam (EnsDAM library), in src/EnsScores

Rank histograms
Consistency w.r.t. verification (i.e. independent) data
• Principle: for each observation, sort the N ensemble
members from lowest to highest, and identify the rank
of observation in the sorted ensemble
• Interpretation: a well-calibrated ensemble leads to a
uniform rank histogram - deviations from uniformity
indicate miscalibration

Negative bias

Positive bias

Over-dispersive
(underconfident)

24-members

Under-dispersive
(overconfident)

Consistent/reliable

Rank histograms
Consistency w.r.t. verification (i.e. independent) data
• Principle: for each observation, sort the N ensemble
members from lowest to highest, and identify the rank
of observation in the sorted ensemble
• Interpretation: a well-calibrated ensemble leads to a
uniform rank histogram - deviations from uniformity
indicate miscalibration
24-members

Longhurst Provinces
in the North Atlantic

Assimilation impact assessment
(Santana-Falcon et al., 2020)

CRPS, reliability, resolution
Global skill of probabilistic system

PDF
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based on Hersbach (2000)

A skillful probabilistic system
must satisfy two criteria:
• to be reliable (Reli close to 0)
• Fp to be as sharp as possible
compared to Fo

Assimilation impact assessment
(Santana-Falcon et al., 2020)

Entropy-based skill score
Comparison between systems (true, estimated)
• Entropy H: only measures the
information content of the system
(closely related to the resolution as
evaluated through the Brier score)
• Ignorence score: developed for
ensemble-based OSSEs that consider a
PDF of true states p (rather than a single
true), using cross-validation
• Normalized IGN defined in [0, 1] with q
being the PDF of the updated ensemble:
nature-run entropy

cross-entropy

BGC ARGO + satellite OC scenarii
(Germineaud et al., 2020)
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Challenges for the future
Furthering the discussion
•
•
•
•

How to avoid capturing all uncertainty sources to get consistent ensembles ?
How to ballance ensemble size, model complexity, resolution ….
Design of integrated systems driven by what has to be delivered
Parameterization of statistical model involved in stochastic parameterizations ?
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Limited ensemble size for very high dimensional systems
Strategies
- additional constraints to reduce the number of dof (e.g. multivariate relationships)
- specific procedures to augment artificially the ensemble size (e.g. localization)
Correlations in double-gyre model

Local-support localization
(Brankart et al., 2011)

Correlations on the sphere

Localization by Schur products with large-scale patterns
(Brankart 2019)

