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The Arctic Ocean

September

AO, warming faster than
other region in Earth
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Despite its susceptibility, less sampled than other regions due to
logistic and budgetary constraints

Loose of ice coverage and
reduction in ice thickness
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RS needed to study environmental parameters and phytoplankton
responses at large scales



Potentiality and challenges of RS in the AO

Ocean color data available from 1997 (SeaWiFS, MODIS, MERIS,
VIIRS, Sentinel3)

Allows for long-term variability in phytoplankton from 1997

Challenges for RS: Ice contamination, low Sun zenith angles, water
column heterogeneities

Temporal analysis = needed for merged datasets and accurate Chl-a
= ESA Ocean-Color Climate Change Initiative project (CCI)
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Objectives

* To quantify the performance of seven existing algorithms for
estimating surface Chl-a in the AO

* To develop and validate a new ML algorithm, CIAO (Chlorophyll
In the Arctic Ocean), specifically tailored for the AO.
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Database Temporal Sampling Reference

window size
Valente et al. 1998-2018 7867 Valente et al. (2022)
- a a t a S e t Lewis and Arrigo 1998-2015 759 Lewis and Arrigo (2020)
NABOS cruises 2013, 2015, 241 https://uaf-iarc.org/nabos
2018 -cruises
TARA Oceans 2013 16 Picheral et al. (2014)
Expedition
POLARSTERN 1999-2020 Bracher (2019); Nothig et al.
cruises (2020), Hoppe et al. (2023a,
b)
Peeken et al. (2023)

Maria S. Merian 2006, 2016, 86 Nothig et al. (2015),

* Insituo pen SOUrces Chl-a measurements ( N =9,58 5) e e

Siccha and Kucera (2023)

RV HEINCKE 2014, 2017, 44 Vop et al., 2021, Albinus and
cruises 2023 Uwe (2024)
. o Xi et al. 2010-2019 279 Xi et al. (2023)
° M t l Other PANGAEA 1999, 33 Palmer et al. (2011);
e rge S a e I e rS V ° — a I y a a databases 2007-2009, Sukhanova et al. (2010);
2016 Fossa et al. (2011); Roberts

et al. (2018)
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Existing Chl-a algorithms

Calibration

O’Reilly et al., 1998; O’Reilly
and Werdell, 2019

Maritorena et al., 2002, 2010; 8
Maritorena and Siegel, 2005

GSM

CClI

AO.emp
AO.GSM
OC4P
OCA4L

Empirical Global
Semi-analytical Global
Blending of empirical algorithms
. . Global
according to optical water classes
Empirical Pan-Arctic
Semi-analytical Pan-Arctic
Empirical AO subregions
Empirical AO subregions

Sathyendranath et al., 2019

Lewis and Arrigo, 2020

Lewis and Arrigo, 2020

Wang and Cota, 2003
Cota et al., 2004



Algorithm comparison
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CIAO algorithm

Training of CIAO Testing of CIAO
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CIAO algorithm

Training of CIAO Testing of CIAO
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CIAO algorithm

Training of CIAO Testing of CIAO
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CIAO algorithm
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Spatiotemporal variability of Chl-a
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Conclusions

* Anovel ML-based algorithm CIAO was developed to estimate Chl-a at
a Pan-Arctic scale, which uses Rrs CCIl v6.0 + DOY

* CIAO outperformed other algorithms, achieving a MAD of 0.5 mg m-3,
thereby improving Chl-a retrievals by at least 37%

* Adding DOY as predictor,the algorithm can contextualize Rrs data
within the broader environmental framework, without introducing
spatiotemporal artifacts

* Limitations: in situ data availability, specially in the Asian Arctic
regions =» Call for open databases




Data availability

* Time-series of Chl-a from CIAQO algorithm
* 4km from 1998 and 300m from 2016
* Daily/Monthly products

*  For free!

* Available very soon on the CMEMS portal
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