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NEW 2018 HF Strategy

RV Thalassa’s Ferrybox
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March:

“PIRATA”

Sept-Oct

CGFS

Oct-Nov

EVHOE

Apr-May

PELGAS

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

In June 2019, Thalassa will sail in

Mediteranean sea (MOOSE cruise)

IFREMER’s RV Thalassa FB Guideline

available here: 

https://doi.org/10.13155/59685

143 pages… But…  Only !

Manufacturer: -4H-Jena, “Ferrybox I”

Thermosalinograph SBE45 + 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% !

Jan/

Feb:

IBTS

https://doi.org/10.18142/14
https://doi.org/10.18142/11
https://doi.org/10.18142/8
https://doi.org/10.18142/18
https://doi.org/10.18142/235
https://doi.org/10.13155/59685
https://campagnes.flotteoceanographique.fr/series/17/


Data 
processing 

Stakeholder
decision

Key scientific 
questions

STRATEGY AND OBJECTIVES

- 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? 

- High Frequency (HF) automated 
measurement system

 Large dataset, missing data … 

Ferry Box Database
In-situ (HF)

Ferry Box RV Thalassa (Channel, Atlantic,…)

Pocket Ferry Box RV Europe

(Mediterranean sea)

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

Coriolis
Database



To w a r d s  i m p l e m e n t a t i o n  o f

m a c h i n e  l e a r n i n g

f o r  F e r r y B o x  d a t a  p r o c e s s i n g

YES but

first step = Labelling via Classification

In-
situ

S1
S2
S3
S4
S5
S6
S7
S8

Classifier

Label

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
- Extract label for frequent, rare or extreme events

To learn



1-Pre-Processing

Scaled data
without NA

- Correction based on 
sensor ranges

- Correction based on 
expert-defined ranges

- Time alignment

- DTW completion
- Data normalization

(centering, scaling)

PROTOCOL

Regular time series
Incl. NA

Raw data
Matrix Time, 

Position x N param.
incl. NA

Coriolis 
data base



DTWBI Algorithm

*Phan H., et al 2017: Pattern Recognition Letters

1-Pre-Processing



2- Processing : Multi-level Spectral clustering 

state3

state2

state4 state5State1 state2

state1

1st Spectral clustering

2nd Spectral clustering

3rd Spectral clustering

PROTOCOL

Level of details 

Scaled data
NA: 0:0%

Classification in the spectral space

« classical » events

Extreme, rare events
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1st Spectral clustering

Frequency of states by months

S
ta

te
s

Time index

Correlation of each parameter for a given cluster :

Temperature

Scaled data

s1 s2

Dynamics

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

Salinity Turbidity Temperature Dissolved Oxygen Nitrate Phosphate Silicate PAR Sea Level

S1 -0.35 0.30 -0.73 0.52 0.38 0.21 0.38 -0.21 0.014

S2 0.35 -0.30 0.73 -0.52 -0.38 -0.21 -0.38 0.21 -0.014

STATES DYNAMIC AND MAIN CONTRIBUTING PARAMETERS 

Months States



2nd Spectral clustering

S
ta

te

s

Time index

States dynamics Frequency of states by months

Correlation of each parameter for a given cluster :

Nitrate Silicate

s1

Scaled data

s1 s2

s2 s3 s4

- New structuring variables : Oxygen, Nitrate, Silicate
- Accurate characterization of the spring bloom dynamics

Salinity Turbidity Temperatur
e

Dissolved Oxygen Nitrate Phosphate Silicate PAR Sea Level

S1 0.04 -0.08 -0.48 0.62 -0.16 -0.14 -0.06 -0.09 0.02

S2 -0.41 0.40 -0.39 0.05 0.53 0.34 0.47 -0.15 -0.002

S3 0.30 -0.11 0.30 -0.46 0.11 -0.02 0.02 -0.05 0.009

S4 0.13 -0.23 0.53 -0.19 -0.48 -0.19 -0.42 0.26 -0.02

STATES DYNAMIC AND MAIN CONTRIBUTING PARAMETERS 

Months StatesStates
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3rd Spectral clustering
S

ta
te

s

Time index

Dynamic states Frequency of states by months

s1

Scaled data

s1 s2

s2 s3 s4

s1 s2 s3 s4 S8s7s6s5

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

STATES DYNAMIC AND MAIN CONTRIBUTING PARAMETERS 

Months
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3rd Spectral clustering

Salinity

Time index

S
ta

te
s

EXAMPLE OF STATES LABELISATION

States

Time               
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3rd Spectral clustering

Salinity

Time index

S
ta

te
s

Sensor Failure

States

Time               

EXAMPLE OF STATES LABELISATION
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After correction 
sensor failure

1st Spectral 
clustering

2nd Spectral 
clustering

3rd Spectral 
clustering

Frequency Dynamic by months

S
ta

te
s

S
ta

te
s

S
ta

te
s

Time index

STATES DYNAMIC AND MAIN CONTRIBUTING PARAMETERS 

Months
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1st Spectral 
clustering

2nd Spectral 
clustering

3rd Spectral 
clustering

Frequency Dynamic by months

Time index
Months

s2

Scaled 
data

s1

s1

Scaled 
data

s1 s2

s2 s3 s4

s1

Scaled 
data

s1 s2

s2 s3 s4

s1 s2 s3 s4 S8s7s6s5

S
ta

te
s

S
ta

te
s

S
ta

te
s

Results

STATES DYNAMIC AND MAIN CONTRIBUTING PARAMETERS 
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3rd Spectral clustering

Phosphate

Time index

S
ta

te
s

Rare/Extreme events

Phosphate Correlation State 7 = 0.62 

States

Intermittent Events : rare/extreme

Detection of environmental states
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3rd Spectral clustering

Phosphate

Time index

S
ta

te
s

Rare/Extreme events

phosphate <-> turbidity

States

Intermittent Events : rare/extreme

Detection of environmental states
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3rd Spectral clustering

Phosphate

Time index

S
ta

te
s

Rare/Extreme events

phosphate <-> turbidity

States

Phosphate Desorption

New Phosphate stock available for phytoplancton

Intermittent Events : rare/extreme

Detection of environmental states



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

In-
situ

S1
S2
S3
S4
S5
S6
S7
S8

Spectral-C

Label

CONCLUSION - PERSPECTIVES

Examples of labels:

Bloom, incl. HAB

Oxygen deficiency

Nutrient impulse

…

2 - Detection of rare events/states :

HAB blooms, sensor failures 

3 – Extraction of knowledge on dynamics 

of events / environmental states

4 – Forecasting events

t +1 ?t 

Time

1 - Detection of usual events/states 



In-
situ

S1
S2
S3
S4
S5
S6
S7
S8

Spectral-C

Label

- Physics
- Biogeochemistry
- Frequency :  HF (day)

Modelling

- SeaWiFS, Sentinel…
- Frequency : HF (day)

Satellite

- Météo France/ WeatherForce
- Fixed stations, buoys
- Frequency : LF/HF (min, day)

meteorology

ADDING NEW DATA SOURCES



Multi
Agent

Learning

HF
Datab
ases

Sat

in-
situ

S1
S2
S3
S4
S5
S6
S7
S8

DTWBI
Spectral-C ML/DL

Correspondence
Label/Time-

space

ML/DL

ML/DL

∑

∑

∑Sat Model++

Label
Machine Learning

Deep Learning

S1
S2
…
Sx

Prediction
Label

Classification 
system

S1
S2
…
Sx

S1
S2
…
Sx

New data

Majority 

Vote

S1
S2
…
Sx

training dataset 

MACHINE LEARNING / DEEP LEARNING
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