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ocean land circulation ice



example: change a cloud parameter
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Simulations by Eleanor Middlemas



clouds from space

AVG: -21.1

ISCCP Cloud Fraction AVG: 66.0
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cloud effects: tropics as the prototype*
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*not drawn to scale.



example: SST under invisible clouds
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Coupled model biases

Zuidema et al. 2016



http://dx.doi.org/10.1175/BAMS-D-15-00274.1

an old story

Ma et al. 1996 Gudgel et al. 2001
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Coupled model surface flux biases

Southeast Pacific Southeast Atlantic

Zuidema et al. 2016



http://dx.doi.org/10.1175/BAMS-D-15-00274.1

SST errors are not cloud errors
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Zuidema et al. 2016



http://dx.doi.org/10.1175/BAMS-D-15-00274.1

Not just clouds!

Ocean only models forced by prescribed atmosphere

Zuidema et al. 2016



http://dx.doi.org/10.1175/BAMS-D-15-00274.1

Impact on SST variability

Bellomo et al. (2014)



http://dx.doi.org/10.1175/JCLI-D-13-00548.1

but ... should I bring a jacket?
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NASA MODIS


http://dx.doi.org/10.1007/s00382-012-1486-x

land surface energy budget

Fnet:Snet+Rnet:H+LvE"|_G

cloudy
clear

Betts (2009) Betts et al. 2015



http://doi.wiley.com/10.3894/JAMES.2009.1.4
ttp://dx.doi.org/10.3389/feart.2015.00013

land-cloud coupling

2m T bias

Depends on RH

Ma et al. 2012



http://dx.doi.org/10.1175/JCLI-D-13-00474.1

Cloud-Vegetation/Carbon interaction

Cloud CO2 flux

C3vs. C4 grass

Latent Sensible

Vila-Guerau de Arellano 2014



http://dx.doi.org/10.1002/2014GL059279

Cloud-Ice interaction
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Pithan et al. 2014

Morrison et al. 2012

See qglso |Persson 2012
Medeiros et al. 2011 Curry et al. 1996
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Simulations by Eleanor Middlemas



No shallow convection

CONTROL NOSHALLOW
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Seasonal Prediction

Collow et al. 2015



http://dx.doi.org/10.1175/MWR-D-15-0097.1

Cloud-Ice-Biogeochemical interactions
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surface fluxes sun

cloud bio

CCN

‘CLAW” Hypothesis might be
Important in Arctic.

Orellana et al. 2011

Also impact on ice sheets & sea level, VVan Tricht et al 2016 Arrigo et al. 2012



http://dx.doi.org/10.1126/science.1215065
http://dx.doi.org/10.1073/pnas.1102457108
http://dx.doi.org/10.1038/ncomms10266

Early GCMs had no cloud-circulation
coupling, but cloud effects have become
more sophisticated with each model
generation. Fundamental understanding
of cloud-circulation coupling remains an
open research frontier.


http://dx.doi.org/10.1002/qj.49710644714
http://dx.doi.org/10.1038/ngeo2398
http://www.apple.com
http://dx.doi.org/10.1175/BAMS-84-11-1547

long term climate

CNRM-CM5 [ 0.47] FGOALS-g2 [ 0.45] HadGEM2-A [ 0.46] IPSL-CM5A-LR [ 0.49]

- Change in precipitation with surface warming.

MIROGS5 [ 0.51] MPI-ESM-LR [ 0.54] MRI-CGCMS3 [ 0.54] CCSM4 [ 0.45]

CNRM-CM5 [-0.69] FGOALS-g2 [-1.35] HadGEM2-A [ 1.49] IPSL-CM5A-LR [ 2.70]

MIROCS [-2.98] MRI-CGCMS3 [-0.67]

Change in TOA CRE with surface warming.

Medeiros et al. 2015; Stevens & Bony 2015



http://dx.doi.org/10.1007/s00382-014-2138-0
http://dx.doi.org/10.1126/science.1237554

climate variability

Radel et al (2015)



http://dx.doi.org/10.1038/ngeo2630

short term prediction

Tiedtke et al. (1988)



http://dx.doi.org/10.1002/qj.49711448106

summary

Cloud errors matter for coupled modelling

» But it is hard to quantify how much.

Clouds couple to other components through surface energy budget

» And interact with vertical structure and circulation.

Clouds are relevant for prediction across time scales

» Yet they remain crudely parameterized in most classes of models.



