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Introduction

Our main interest We’d like to minimise this

M-0=c¢ + & + &

model retrieval

representation

Schutgens et al. ACP 2016a (temporal sampling)
Schutgens et al. ACP 2016b (spatial sampling)

Schutgens et al. ACP 2017  (spatio-temporal sampling)
* Error estimates for diverse remote sensing scenarios
e Optimal construction of L3 data

* Representativeness MODIS vs AERONET
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Analysis tool

Allows arbitrary collocation of diverse datasets
— aggregation for remote sensing data
— linear interpolation for models

Subsequent aggregation over regions & weeks/years

Fast: 1 year of 12 models and 5 remote sensing datasets can be collocated
to the same spatio-temporal grid in less than 5 minutes (1 processor, IDL

code)

Data also accessible by Community Intercomparison Suite (Watson-Parris

et al. 2016)



The Challenge




First look
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Definition of consistency

median
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<80% =bad, 2 * median, >80 % = ok

Median relative error AOD (ECHAM6-SALSA)




AEROCOM models

Median relative error AOD (CAMS5) Median relative error AOD (CAM-Oslo) Median relative error AOD (ECHAM6-SALSA) Median relative error AOD (ECMWF-IFS)
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AAATSR (3x), Aqua & Terra MODIS (3x), AVHRR, SeaWiFs, OMAERUV



Impact of sampling

Median relative error AOD (ECHAM6-SALSA)
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Rel diff AAOD (CAM5 vs POLDER-SRON)
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Rel diff AAOD (IMPACT vs POLDER-SRON) Rel diff AAOD (IMPACT vs OMAERUV-NASA)
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Time-series for regions
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Maximum spread AOD
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Intercomparison of datasets
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Intercomparison of datasets
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How representative is AERONET?
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Summary

Received a lot of remote sensing datasets and
model data, more welcome!

Models seem to seriously underestimate AOT &
AAOT but often overestimate dust AAOT
Definition of best AOT estimate is an issue

— real issue is definition of truth

— but I'm not without hope

Next up:

— evaluation of models

— interpretation in terms of aerosol lifetimes, MEE,
MAC, etc



