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Flying for research:

The dilemma of climate scientists
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ESMValTool – the right way forward

to evaluate our climate models?

Eyring et al., Geosci. Mod. Dev., 2016



Today’s questions

What should we pay attention to,

when designing an evaluation protocol?

What are the purposes of 

evaluating sea ice models?

Is sea ice model evaluation settled? 

What are the ways forward?



http://applicate.eu/images/APPLICATE_metrics_final.pdf
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12-14 April 2012 mean sea ice velocity from

model (NEMO+LIM3)+atmospheric forcing

Diagnostics vs. metrics

« Diagnostic »

low-dimensional object that summarizes

a high-dimensional geophysical dataset



12-14 April 2012 mean sea ice velocity from

observations (Lavergne et al., J. Geophys. Res., 2010)
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12-14 April 2012 mean sea ice velocity from

model (NEMO+LIM3)+atmospheric forcing



Diagnostics vs. metrics

« Metric »: scalar number derived from identical

diagnostics processed on two different datasets

12-14 April 2012 mean sea ice velocity from

observations (Lavergne et al., J. Geophys. Res., 2010)
12-14 April 2012 mean sea ice velocity from

model (NEMO+LIM3)+atmospheric forcing

« Diagnostic »« Diagnostic »



1. Standard error metrics

Purpose: tracking model performance

Massonnet et al., Cryosphere, 2011

Monthly anomalies of Arctic sea ice extent



2. Predictability metrics

Purpose: quantifying limits of predictability

Chevallier et al., S2S book, 2018

Evaluating persistence



3. Forecast error metrics

Purpose: testing the skill of prediction systems

Integrated Ice Edge Error = 

Area of overestimation

+

Area of underestimation

Goessling et al., Geophys. Res. Lett., 2016 Massonnet et al., SIPN South post-season report, 2019

MOD

OBS



4. Process-based diagnostics

Purpose: measuring the ability of a model to simulate a process or a feedback

« Ice Formation Efficiency » in CMIP5 models

Massonnet et al., Nature Clim. Change, 2018

IFE (mm-1)

R=0.59

P<10-4
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Stroeve et al., Geophys. Res. Lett. 2007

2007: Arctic sea ice is declining

faster than anticipated

Observations
CMIP3 

models

1900 1950 2000 2050 2100



CMIP3

CMIP5

Observations

2013: Climate models get sea ice

extent trends closer to observations

Rosenblum and Eisenman, J. Clim., 2016



CMIP3

CMIP5

Observations

Model improvement

pays off!

Rosenblum and Eisenman, J. Clim., 2016

2013: Climate models get sea ice

extent trends closer to observations



CMIP3

CMIP5

Observations

Rosenblum and Eisenman, J. Clim., 2016

2013: Climate models get sea ice

extent trends closer to observations

(for wrong reasons)
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Completeness

Rationale

Interpretability

Observability

Stability

Transparency

Requirements for a good set 

of diagnostics and metrics

Goosse et al., Nature Commun., 2018

What are the origins of Antarctic

sea ice model biases?

Ice production-entrainment feedback



Completeness

Rationale

Interpretability

Observability

Stability

Transparency

Requirements for a good set 

of diagnostics and metrics

Always design metrics and diagnostics with a scientific question in mind
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Give the others the chance yo understand what you have done
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Vancop’s « Heat Conduction Index »
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Metrics and diagnostics should be insensitive to interannual and internal climate variability



Completeness

Rationale

Interpretability

Observability

Stability

Transparency

Requirements for a good set 

of diagnostics and metrics



Completeness

Rationale

Interpretability

Observability

Stability

Transparency

Requirements for a good set 

of diagnostics and metrics



Completeness

Rationale

Interpretability

Observability

Stability

Transparency

Requirements for a good set 

of diagnostics and metrics

Open your model to the scrutiny of other researchers
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Simulated Arctic sea ice mass balance when increasing

number of thickness categories (NEMO3.6-LIM3)
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Massonnet et al., Geosci. Mod. Dev. Discuss., 2019
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Courtesy A. Rana

13 observational

references

1 model

Challenge #1: Introducing observational

uncertainty in diagnostics and metrics



Challenge #2: Designing metrics that can segregate

simple models from complex ones – retrospectively

Notz, Hunke, Massonnet, Vancoppenolle, submitted



Conclusions

• No metric or diagnostic is all-purpose but we can still agree
on a number of minimal requirements that they should satisfy.

• Despite apparences, model evaluation is very subjective! 
Never infer model performance from numbers alone.

• Model evaluation is a statistical inference process, and 
therefore has to be communicated with uncertainties


