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N/O Thalassa

Guide d’utilisation et de gestion de la
Ferrybox

IFREMER’s RV Thalassa FB Guideline
available here:
https://doi.org/10.13155/59685

143 pages... But... i [ Only!

Thalassa’s path in 2018: all
European cruises are renewed
year after year since 20 years at
the same period on the same
transect, and it will bring a huge
FB data set in the coming years

Manufacturer: -4H-Jena, “Ferrybox I”
Thermosalinograph SBEA45 + SBE21
Oxygen: Anderaa 4835
Turbidity Seapoint
Fluorescence BBE-AOA

pH: Meinberg MV3010

(for tech. purpose)

2018 statistics:

Thalassa sailed ~245 days
The Ferrybox was running 229
days

Operational ratio: 93% !

n June 2019, Thalassa will sail in
Mediteranean sea (MOOSE cruise)
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Ferry Box Database 1

In-situ (HF)
y,

- High Frequency (HF) automated
measurement system
— Large dataset, missing data ...

Pocket Ferry Box RV Europe
(Mediterranean sea)

Ferry Box RV Thalassa (Channel, Atlantic,...)

Data
processing

Key scientific
questions

Coriolis
Database

http://data.coriolis-cotier.org/

How to optimize data processing and results interpretation?
How to detect and characterize environmental states in multi-parameters time series?

How to identify frequent, rare or extreme events and their dynamics in time series?




Towards implementation of
machine learning
for Ferry Box data processing

YES but

first step = Labelling via Classification

|
|

|

|

I In-
: situ
|

|

|

w=pp | Classifier

Examples of labels:
Bloom, incl. HAB
Oxygen deficiency
Nutrient impulse

The spectral classification allowed to :
Define environmental states in multi-parameter time series
Detect, identify in time and space and characterize states dynamics

—_

— To learn

- Extract label for frequent, rare or extreme events



[ 1-Pre-Processing ] Q

Raw data
Matrix Time,

Coriolis
data base — | Position X N param.
w

- Correction based on , ¢
sensor ranges
- Correction based on T
expert-defined ranges ~_
- Time alignment Regular time series
Incl. NA
~

- DTW completion
- Data normalization
(centering, scaling)

~_

Scaled data
without NA




‘ 1-Pre-Processing

[ DTWBI Algorithm

Missing interval imputation (cce2016, OCEANS 2017).

« DTW query building (two ways : mono/multivariate series)

1. Feature extraction
from Query Qa/Qb
and W_Request.

2. Selection of n
W _request that
satisfied cosinus
criterion.

3. Computation of
DTW function on
the W _request and
selection of a
unigue Qbs.

4. Direct Imputation or
mixing from Qbs
and Qba.

_request : shiding window

*Phan H., et al 2017: Pattern Recognition Letters
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[ 2- Processing : Multi-level Spectral clustering ]

Level of details

T
~ I Classification in the spectral space
Scaled data
NA: 0:0%

o= 1% Spectral clustering

&= )" Spectral clustering
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« classic events

i\
i1 \
/ ‘== 3rd Spectral clustering
/4 \
boooa

Extreme, rare events



STATES DYNAT

>
Scaled data

[1St Spectral clustering ]

2 states: General Seasonal dynamics:
winter/automn vs. spring/summer

Dynamics Frequency of states by months Temperature
< 5 E- g i
Time index Months States
Correlation of each parameter for a given cluster :
alinity [Turbidity Dissolved Oxygen [Nitrate Phosphate [Silicate PAR Sea Level
0.35 |0.30 0.38 0.21 0.38 -0.21 0.014
35  -0.30 -0.38 -0.21 -0.38 0.21 -0.014
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2"d Spectral cIustering]

—
Scaled data

New structuring variables : Oxygen, Nitrate, Silicate

State

9

e

Accurate characterization of the spring bloom dynamics ,

States dynamics  Frequency of states by months . . .

01 02 03 04 05 06 07 08 09 10 11 12

Months
Correlation of each parameter for a given cluster :
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STATES DYNANIC AN 1) TRIBUTING PARAMETERS e mer

) . ————
3rd Spectral clustering

8 states with 2 different dynamics:
Regular (blue) vs. rare events (pink) .||

Dynamic states

Frequency of states by months

© - 0 O =11 O CE oS 0 emm
(=3
S
~ O GEmD O EEONES ¢ S a— ©
© o
[=J
o 3 S
2 |
ﬁm ° ® = g
O &
= ©
© 5 o
+= < P &
n E Y
13
=5
=z
é © RS EEEROED O EENEEECE CS00 dEEENR O CEEED
o
(=3
(=]
™~
o~ ARG a0 g @m0 ann o
— - O a0 - o =] a»p o o o0 o

T T T T
2005 2006 2007 2008 2009 01 02 03 04 05 06 07 08 09 10 11 12

Time index Months



States

3'd Spectral clustering
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STATES LABELISATION *mer

Salinity
39 Spectral clustering i
— O-;ensofFailure ]
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STATES DY

After correction
sensor failure ™=

States

States
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[ Intermittent Events : rare/extreme ]

3"d Spectral clustering
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[ Intermittent Events : rare/extreme ]
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anvironmental states

[ Intermittent Events : rare/extreme ]
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1 - Detection of usual events/states

Level

|

[

: Examples of labels:
1| In- | s | Spectral-C Bloom, incl. HAB

| sity Oxygen deficiency

I - .

A Nutrient impulse

[

The spectral classification allowed to :

- Define environmental states in multi-parameter time series

- Detect, identify in time and space and characterize states dynamics
- Extract label for frequent, rare or extreme events

2 - Detection of rare events/states :
EEEEE HAB blooms, sensor failures

N
- |

\ %\ 3 — Extraction of knowledge on dynamics
of events / environmental states

4 — Forecasting events

N

t t+1?\

7



Spectral-C

4[ Modelling} { Satellite ]7 " meteorology .

- Physics - SeaWiFs, Sentinel... - Météo France/ WeatherForce

- Biogeochemistry - Frequency : HF (day) - Fixed stations, buoys |
- Frequency - HF (day) - Frequency . LF/HF (m|n, day)




Multi

Agent
Learning
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DTWBI
Spectral-C

training dataset
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Correspondence
Label/Time-
space
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ML/DL

ML/DL

system
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Machine Learning classification Prediction
Deep Learning

Label
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