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ENSO metrics
A tool for model evaluation, model selection, benchmarking model 

performance, detection of changes with climate change, analysis of 
the relationships between mean state and variability, analysis of 

the evolution of the relationships with climate change…



Accessibility and 
computation

Reproducibility and 
comparison

New model:

New CMIP:

Better understanding of ENSO dynamics:

Evolution of ENSO with climate change:CMIP >20 Petabytes



Accessibility and 
computation

Reproducibility and 
comparison

New model:

New CMIP:

Better understanding of ENSO dynamics:

Evolution of ENSO with climate change:~20 Petabytes of CMIP data

CMIP data analyzed by PCMDIIIII
using the CLIVAR ENSO metrics
https://cmec.llnl.gov/results/enso/

Ø CLIVAR ENSO metrics code available: 
https://github.com/CLIVAR-PRP/ENSO_metrics



Metric = nbr comparing mod to a ref

Planton et al. (2021)



Metric = nbr comparing mod to a ref

Planton et al. (2021)



4 categories of metrics

Planton et al. (2021)



PR, SST, Taux mean and seasonal cycles
Mean state and 
seasonal cycle

Planton et al. (2021)

ITCZ 
intensity & 
position

southern ITCZ



SST variability (pattern, amplitude…)

Planton et al. (2021)

b) reference: OISSTv2c

a) model

ENSO
(SST variability)

large ENSO 
amplitude

Mean state and 
seasonal cycle



T. and PR patterns related to ENSO

Planton et al. (2021)

Mean state and 
seasonal cycle

ENSO
(SST variability)

T. and PR
Telecon.

strong / weak PRA response to SSTA



Main feedbacks

Planton et al. (2021)

Mean state and 
seasonal cycle

ENSO
(SST variability)

T. and PR
Telecon.

Physical
processes

weak TauxA
response to SSTA



Metrics can be used to detect improvement
Mean state and 
seasonal cycle

ENSO
(SST variability)

Physical
processes

Planton et al. (2021)

T. and PR
Telecon.



8 metrics significantly improved, 1 worsened
Mean state and 
seasonal cycle

ENSO
(SST variability)

Physical
processes

Planton et al. (2021)

T. and PR
Telecon.



New model config. improves simulation

Xu et al. (2022 submitted to J. Clim.)

Mean state: SST Variability: amplitude

old model config.
new model config. 

obs
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Metrics can be used to detect changes



Planton et al. (2022 submitted to J. Clim.)

ENSO is getting stronger in 60% of the LE
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Planton et al. (2021)

Metrics can be used to study relationships

Mean state and 
seasonal cycle

ENSO
(SST variability)

T. and PR
Telecon.

Physical
processes



Mean state and 
seasonal cycle

ENSO
(SST variability)

T. and PR
Telecon.

Physical
processes

SST and PR biases correlated with most metrics

Consistent with 
previous studies 
(e.g., Bellenger et 
al. 2014; Bayr et 
al. 2019; Brown et 
al. 2020)

Planton et al. (2021)

Confirm previous findings



Mean state and 
seasonal cycle

ENSO
(SST variability)

T. and PR
Telecon.

Physical
processes

Highlight interesting relationships

Thermocline feedback anticorrelated
with half of the metrics

Planton et al. (2021)



Reference dataset? Observation?



Reference dataset? Observation?



Gridded observational datasets needed

Interpolation
Statistical methods (EOTs, EOFs…)

Climate models



CMIP6 models
Reference dataset

Other datasets

17       10-3 N.m-2.°C-1

1.8°C
Variability: amplitude

Processes: wind stress fb.

45%

6         mm/day

35%
90%

30% of 
CMIP6 
models 
within 
obs

How good are our observational datasets?

12
mm/day

Mean state: precipitation



Which one(s) should we use?
model HF PR SSH SST Tau

20CR Atm X X X X
AVISO X
CERA-20C Atm-Oce X X X X
CFSR Atm-Oce X X X X X
C-GLORS Oce X X X X
CMAP X
COBE X
CSIRO_SSH X
ERA-20C Atm X X
ERA-I Atm X X X X
ERA5 Atm X X X X
ERSST X

model HF PR SSH SST Tau
GFDL-ECDA Atm-Oce X X X X
GODAS Oce X X X X
GPCP X
HadISST X
JPL_SSH X
JRA-55 Atm X X
MERRA Atm X X X X
NCEP Atm X X X X
OISST X
ORAS Oce X X X X
SODA Oce X X X X
Tropflux Atm X X X
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unforced climate in a 
piControl simulation
Fixed:
• greenhouse gas 

ozone
• orbital parameters 

solar irradiance
• land use

Earth’s climate naturally fluctuates on due 
to processes intrinsic to the climate system 
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Initial conditions influence the evolution of 
the Earth climate: ensemble simulations

historical members 
branched from 
piControl at regular 
intervals



6         mm/day

3%

CMIP6 models
Reference dataset

32 members

12
mm/day

17       10-3 N.m-2.°C-1

1.8°C
Variability: amplitude

Processes: wind stress fb.

35%

65% of 
CMIP6 
models 
within 
LE

2%

How distinct are the ensemble member?

Mean state: precipitation



Lab work: Wed. and Thur.  afternoons

Use results from CLIVAR ENSO metrics to:
➔ evaluate climate models
➔ analyze co-variability of model errors
➔ analyze co-variability of climate variables
➔ …

Learn:
➔ How the package can help you
➔ Use many observations
➔ Use many models and if possible LE


