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• Ident i fy the  natura l osc i l l at ions  vs .  anthropic t rend

• Understand the under ly ing BGC-phys ica l processes
Aim 1: 

scientific lock 1: • Too short  sate l l i te  obs .  t ime-ser ies
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C o ntex t :  l i m i ta t i o n s  t o  a s s e s s C h l  l o w f re q u e n c y va r i a b i l i t y a n d  t re n d s  2 )  i n  s i t u  o b s

• Better understand biot ic and ab iot i c interact ions  on  
the  phyto- & zoo p lankton biomass and communi t ies

Aim 2: 

Continuous Plankton Recorder (CPR) since 1960

Henson et al. (2009)

scientific lock 2: • Di ff i cu l ty in  parameter i z ing b io logy in  BGC models
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Aim 3: 
• Quant i f i cat ion  of  ESM’s  uncer ta inty  re lated to  phys ica l  
forc ing  & to  b iogeochemica l  model  formulat ion  

• Ident i f i cat ion  of  phys ica l  processes  

E a r t h S y s t e m  M o d e l  ( E S M )

Ocean/atmos. 
models

BGC 
models

Global mean projections of depth-integrated net primary production (%)
(from Kwiatkowski et al., 2020)

scientific lock 3: • Wide cone of  uncerta inty on c l imate project ions
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Art i f ic ial intel l igence
Deep learning

Biogeochemistry

Ecology

Physical  oceanography
/ cl imate

D e e p l e a R n i n g a p p ro a c h e s t o  E l u c i d a te p hy t o p l A n k t o n i c c l i M a te i n d u c e d va r i a b i l i t y
( A N R  P R C  D R E A M ,  2 0 2 3 - 2 7 )
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• a s s e s s m u l t i - d e c a d a l v a r i a b i l i t y &  t r e n d s  o f  p h y t o p l a n k t o n b i o m a s s

• U n d e r s t a n d t h e  u n d e r l y i n g p h y s i c a l a n d  B G C  p r o c e s s e s
Aim: 

1997 now1978 1985

W P 2 a :  r e c o n s t r u c t p a s t m u l t i - d e c a d a l
r e c o n s t r u c t i o n  a t  g l o b a l  s c a l e

W P 2 b :  b e t t e r u n d e r s t a n d t h e  l i n k b e t w e e n p h y t o  a n d  z o o p l a n k t o n
b i o m a s s a n d  c o m m u n i t i e s

W P 3 :  q u a n t i f y p h y s i c a l &  b g c
u n c e r t a i n t i e s i n  c l i m a t e m o d e l s
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Hypothes i s :  phys ica l l y dr iven at  g loba l  sca le



Chl

Sea  sur face  temperature
Sea  leve l  anomaly  
Sur face  currents  ( zon.  & mer id . )  
Sur face  winds  ( zon.  & mer id . )
Short  wave  rad iat ions
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Numer ica l  Schemes

1 9 9 8
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1 target :

geophys ica l  pred ictors :  

M L / D L  &  ra d i o m e t r i c o b s e r va t i o n s  t o  re c o n s t r u c t l o n g  t i m e  s e r i e s
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Method Physical predictors Chl Period

SVR NEMO-PISCES model NEMO-PISCES model 1979-2010
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Martinez et al., Frontiers in Marine Sciences  2020

A )  T h e  p ro o f  o f  c o n c e p t  o n  a  p hys i c a l - B G C  m o d e l  ( S V R )

1 ° x 1 ° g r i d  m o nt h l y
P re d i c t o rs :  
7  +  l o n ,  l a t ,  t i m e  

Va l idat ion

1 9 7 9 2 0 1 01 9 9 8

Tra in ing  ( 7 %  r a n d o m l y )
Va l idat ion  ( 9 3 % )
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SVR NEMO-PISCES model NEMO-PISCES model 1979-2010
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Martinez et al., Frontiers in Marine Sciences  2020
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Method Physical predictors Chl Period

SVR NEMO-PISCES model NEMO-PISCES model 1979-2010

Abi l i ty to reproduce the low frequency var ibi l i ty

Martinez et al., Frontiers in Marine Sciences  2020

1 st mode of  interannua l EOF:
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A )  T h e  p ro o f  o f  c o n c e p t  o n  a  p hys i c a l - B G C  m o d e l  ( S V R )
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Method Physical predictors Chl Period

SVR NEMO-PISCES model NEMO-PISCES model 1979-2010

Abi l i ty to reproduce the low frequency var ibi l i ty

Martinez et al., Frontiers in Marine Sciences  2020

1 st mode of  interannua l EOF:

1980 1990 2000 2010

Ch
l P

IS
CE

S
Ch

l S
VR

1 ° x 1 ° g r i d  m o nt h l y
P re d i c t o rs :  
7  +  l o n ,  l a t ,  t i m e  
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B )  A p p l i c a t i o n  t o  C h l  s a te l l i te  ( S V R )

Method Physical predictors Chl Period

SVR NEMO-PISCES model NEMO-PISCES model 1979-2010

SVR NEMO-PISCES model Satellite (OC-CCI) 1998-2010

1 ° x 1 ° g r i d  m o nt h l y
P re d i c t o rs :  
7  +  l o n ,  l a t ,  t i m e  

Tra i n i n g :  7 %  ra n d o m l y
Va l i d a t i o n :  9 3 %

Lo
g(
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l SV

R)

Log(ChlSat)

• Capture seasonal,  interannual var iabi l i ty and trends 

• Regional biais



23
Martinez et al., Frontiers in Marine Sciences  2020

Method Physical predictors Chl Period

SVR NEMO-PISCES model NEMO-PISCES model 1979-2010

SVR NEMO-PISCES model Satellite (OC-CCI) 1998-2010

1 ° x 1 ° g r i d  m o nt h l y
P re d i c t o rs :  
7  +  l o n ,  l a t ,  t i m e  

Tra i n i n g :  7 %  ra n d o m l y
Va l i d a t i o n :  9 3 %

• Capture seasonal,  interannual var iabi l i ty and trends 

• Regional biais

• Underestimation of  reconstructed Chl

Linear trends (in % year –1) in ln(Chl)           [1998-2010]

Sa
te
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te

SV
R

B )  A p p l i c a t i o n  t o  C h l  s a te l l i te  ( S V R )
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Ch l

Aside:  we don’t want to use longitude, latitude as predictors
à boundaries of BGCP are not static

Reygondeau et al., journal of BGC 2013



25

Ch l

Aside:  we don’t want to use longitude, latitude as predictors
à boundaries of BGCP are not static

Reygondeau et al., journal of BGC 2013

• MLP slightly more skillfull than SVR   (Chl underestimation & spatial biais remain) 

• MLP reconstruction slighly improved when trained with 80% of the data

• MLP is less, but still sensitive to longitude, latitude, as predictors

Multi-Layer Perceptron (MLP) vs. SVR:

à To overcome these limitations …….
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key features of the multi-mode CNN architecture:

• can explicitly account for regional/spatial physics-driven variabilities

• no need to a priori delineate BGCPs boundaries

• space-time activation of each mode to improve the interpretability of the network.

D )  G e tt i n g i n s i g ht s  i n t o p hys i c a l p ro c e s s e s ( m u l t i - m o d e C N N )  

Roussillon et al., Frontiers in Marine Sciences  2023
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key features of the multi-mode CNN architecture:

• can explicitly account for regional/spatial physics-driven variabilities

• no need to a priori delineate BGCPs boundaries

• space-time activation of each mode to improve the interpretability of the network.

Roussillon et al., Frontiers in Marine Sciences  2023

CNN with 8 modes: optimum of performance and interpretability

D )  G e tt i n g i n s i g ht s  i n t o p hys i c a l p ro c e s s e s ( m u l t i - m o d e C N N )  



V a l i d a t i o n

1 9 9 8 2 0 0 1 2 0 1 02 0 0 3

T r a i n i n g

2 0 1 52 0 1 2

T e s t

Roussillon et al., Frontiers in Marine Sciences  2023

Predictors: from satellite obs & reanalysis
Target: satellite OC

1 ° x 1 ° g r i d  m o nt h l y

D )  G e tt i n g i n s i g ht s  i n t o p hys i c a l p ro c e s s e s ( m u l t i - m o d e C N N )  
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Roussillon et al., Frontiers in Marine Sciences  2023

Modes of CNNMM8 can regionally learn specific phytoplankton responses to the physical forcing

à better capture some regional processes than CNN1

Test 2012-2015: 

Difference CNNMM8 vs. CNN1 when compared to satellite Chl

D )  G e tt i n g i n s i g ht s  i n t o p hys i c a l p ro c e s s e s ( m u l t i - m o d e C N N )  
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Roussillon et al., Frontiers in Marine Sciences  2023

Percentage of variance explained by each 8 modes of  CNNMM8. Isolines of percentile-90 of the values are superposed in green. 

Consistent and relevant regions appear

D )  G e tt i n g i n s i g ht s  i n t o p hys i c a l p ro c e s s e s ( m u l t i - m o d e C N N )  
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NB: the scale on the x-axis is homogeneous across all the variables but SST.

Normalized distribution (y-axis) of the relative importance of the 7 physical predictors (x-axis)
computed over the percentile-90 area for each mode.

Roussillon et al., Frontiers in Marine Sciences  2023

D )  G e tt i n g i n s i g ht s  i n t o p hys i c a l p ro c e s s e s ( m u l t i - m o d e C N N )  
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Key features from the « usual architecture » :  

• CNN, ConvLSTM, U-Net (the best one)

• Still Chl amplitude underestimation

à difficulties to reproduce the seasonal and inter-annual extrema

E )  W h a t ’s n ex t ?

• Sequence to sequence (forecasting): !"# = % !"& , !"# = %(!"&, !"#)….

• architecture « de type operateur neuronaux » , e.g. Fourrier operators (FourCastNet) 

Ongoing work (Mahima Lakra post doc. IMT) :  
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W P 2 b  E l u c i d at i n g a b i o t i c a n d  p hy t o - zo o p l a n k t o n i nte r- s p e c i f i c
re l at i o n s h i ps f ro m i n  s i t u  o bs .

In  s i tu  obs .  in  
contrasted BGC env i ronment :

• Ol igotrophic area  (Hawai i )
• Coasta l upwel l ing  (Ca l i forn ia )
• High  lat i tudes  (North At lant ic )

Phytoplankton
communities

Zooplankton
communities

P hys i c a l  p ro c e s s e s
n u t r i e n t s

Reconstruction

Apprentissage
I n  s i t u  o b s . ( M e r  d u  N o r d )

Cont i nuous Pl ankton Recorder  (CPR)

A s i d e a b o u t  re p ro d u c i n g ex t re m a
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Method Physical predictors Chl Period

SVR NEMO-PISCES model NEMO-PISCES model 1979-2010

SVR NEMO-PISCES model Satellite (OC-CCI) 1998-2010

Martinez et al., Frontiers in Marine Sciences  2020

1 . b  A p p l i c a t i o n  t o  C h l  s a te l l i te  ( S V R )

1 ° x 1 ° g r i d  m o nt h l y
P re d i c t o rs :  
7  +  l o n ,  l a t ,  t i m e  

Tra i n i n g :  7 %  ra n d o m l y
Va l i d a t i o n :  9 3 %

1 st mode of  interannua l EOF:

Regional biais
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Linear trends (in % year –1) in ln(Chl)           [1998-2010]
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Martinez et al., Frontiers in Marine Sciences  2020
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Modes of CNNMM8 can regionally learn specific phytoplankton responses to the physical forcing

à better capture some regional processes than CNN1

Test 2012-2015: 

Difference CNNMM8 vs. CNN1 when compared to satellite Chl

D )  G e tt i n g i n s i g ht s  i n t o p hys i c a l p ro c e s s e s ( m u l t i - m o d e C N N )  


