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. Z What Is the Ocean Patterns Indicator?
Blue-Cloud

2 PCM (Profile Classification Model): allows to automatically gather ocean profiles in clusters according
to their vertical structure similarities. Depending on the dataset, such clusters can show space/time
coherence: the ocean patterns indicators.
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Blue-Cloud How a Profile Classification Model (PCM) works”

2 Gaussian Mixture Models method (GMM): decompose the probability density
functions (PDF) of the dataset in to a sum of gaussian PDF.

C: Observed (bars) and Model (plain line) PDFs for K=5 D: Model PDF details for K=5 C: Model vs Observed PDFz D: Detailed Model PDFz
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2 The user should only chose the number of classes
2 In the input there is no spatial or temporal information
Probabillity of a profile to be in a class
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2 Gaussian Mixture Models method (GMM): decompose the probability density
functions (PDF) of the dataset in to a sum of gaussian PDF.
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2 Ocean Patterns Indicators are computed using the pyXpcm python software
(see documentation at https://pyxpcm.readthedocs.io)

2 For more information about the method see Maze et al, Prg.Oc, 2017.
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Blue-Cloud Jupyter notebooks
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Blue-Cloud Jupyter notebooks
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= M predict_PCMIlabels_and_plot.ipynk
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Model parameters: number of classes and variable

Load training dataset: Data are loaded from Copernicus
Authors; Andrea Garcia Juan (snea garcia.juan@iremer. ), Kevin Balem (kevin balem@ifremer.f) and Marlne SerVICe (the user WI” need a CM EMS account) )0

Guillaume Maze (gmaze@ifremer.fr)
—

@ Develop a PCM

D

Create model
Plot and metrics to optimize model

Bayesian information criteria (BIC)

Description

The objective of this notebook is to create a PCM model, to optimize the model parameters and to save
the PCM for later use.

D S

A PCM (Profile Classification Model) allows to automatically assemble ocean profiles in clusters according to

their vertical structure similarities. Depending on the dataset, such clusters can show space/time coherence.

That is what we call the ocean patterns indicator. For more information about the method, see Maze ef al, 12000 4 - ::E 2::5”
Prg.Oc. 2017.
As an example, a subset of the GLOBAL_REANALYSIS PHY_0D01_030 CMEMS product covering the —14000 4
Mediterranean is available as a training dataset.
—16000
Computation is done using the pyxpem python software (see documentation at
https://pyxpem.readthedecs.io)
1] —18000
The optimazed model you are going to create can be saved and later applied to another dataset using the o
predit_PCMlabels_and_plot.ipynb notebook, where you can plot and analyze the results. —_20000 4
This notebook has been developped at Laboratory for Ocean Physics and Satellite remote sensing, IFREMER, —22000 4
within the framework of the Blue-Cloud project. Blue-Cloud has received funding from the European Union's
Herizen programme call BG-07-2018-2020, topic: [A] 2018 - Blue Cloud services, Grant Agreement n.862400 _24000 4
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2 Save model
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2 Plot results

ﬁ- Predict labels with a PCM and plot results
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2 Save data
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Prediction notebook

Vertical structure (quantiles)
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Blue-cloud Prediction notebook
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Blue-Cloud Examples of applications

Examples of applications w f(#
2 Study of a region with natural boundaries
2 Structure of frontal regions »
2 Model evaluation S “ “ AS ﬁ

~

Balem and Maze, 2019

lllll
le2l

-==- % Kspg
---- % Ksig

0-700m OHC (])

3/ .: { R ».-n o . S 1 R Ko Ke :; ~,‘\ [/
R 24 " 2™ ] ; !
S e i £ o ] ! |
SRS e s P 1500 9 / 3
.,b R ‘f 5 = S " 3 ! " ke ' ! |’ ! \\ ; g ota Y
el AL © A 0 N P,
ik o S 0 1 2 3wdg5 6 P~
30E 60E 90E 120E 150E 180 £
= um _ -6 T T T T T T T T
& 2004 2006 2008 2010 2012 2014 2016 2018
3
Jones et al, J. Rosso et al, J. Geophys. Res, 1
.

Geophys. Res, 2019 2019 "l C = ™ 8

A Desbruyeres et al, Nature (rev.), 2020

04/12/2020 Blue-Cloud Marine Environmental Indicators Webinar, 04-12-2020




2

T L
Filoting innovative services for Marine Research & the Blue Economy

2 The ocean patterns indicator is an easy way to analyse and
explore an ocean region using Machine Learning

2 PCM can be applied to all types of oceanographic profiles:
2 From 3D numerical simulations or in-situ observations

2 With one or more physical or biogeochemical variables

Feel free to play!
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Blue-Cloud What are we doing next?
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