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Data sources: A great variety of heterogeneous senso rs and models
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“This degree of realism
is very much a step up
Jrom previous
simulations.”
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Numerical simulations ffilﬂﬁ?zfﬂ?l'nﬂ?

Output From Bleck's Miami Isopycnic Coordinate Ocean Model (MICOM) 0.08 deg mesh

s e i

Key issue: Exploit these data sources to improve our understanding of
geophysical processes
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Operational:

Monitoring and forecasting of ocean dynamics
High socio-economical impact
Management of ocean resources
Environmental protection

Scientific:

Better understanding of ocean processes
Model calibration and validation
Estimation of geophysical quantities and

parameters B ETT E R

Improve model prediction/reconstruction

FIGURE 1. Remote sensing satellites

EXPLOIT

However:
Strong reliance on physical models
Datasets: under-exploited potential? DATA
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Characterization and decomposition Interpolation of altimetry fields from

operators satellite data
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Source separation: Operator decomposition:

X X
|

(az)s;
K K
Yn = Z OnkSk + Wn Yn = Z ankfek (Xn) + W,
k=1 k=1
S. t. C(anl,...,anK,Sl,...SK> s. t. C(anh"'7anK7f917"'7f9K)
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4 )

R
Joint EOFs: 1 - -
: . C=—=—-Y;Y,=VAU" = E A
[Hotelling,1933; Hannachi et al., 2007] N L2 2 rVrlU,

Widely used in oceanography and atmospheric sciences
Orthogonal decomposition of cross-correlation
Find orthogonal modes that maximize explained variance

N Y
4 — - \
Dynamic Mode Decomposition: Xpt1 = £(Xn) g (xn) = Kg(xn-1)

[Schmid, 2010]

Linearization+Eigendecomposition
Choice of observation functions g(x,,)
Time invariance of operator K

FIGURE 2: DMD
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fCIassicaIIy:

Orthogonal decompositions (EOF,
PCA)

£,-norm penalization

Strong hypotheses

But, no guarantees in terms of:
Relevance
(_» Interpretability

K
Yn = Z QpkSk + Wy
k=1

( .y
Explore new decompositions

Blind source separation:
New formulations
Non-negativity
Sparsity

S. t. C(&nl,...,anKaslau-SK)
K
Yn = Za’n Xn)_l_wn
k=1
S. t. C(anl, anK7f917'°°7f9K)
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MODELS AND ALGORITHMS
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Relationship between observable variables x,, and y,
Non-negative superposition of linear modes

> > an1
B x, € R/

¥ | 8 Qg () Yo nER

/Bk c RIXJ
B e

Onk € R™
FIGURE 3: General model block diagram

K
Yn = E anklakxn + wnp
k=1

g > 0, VEk e [l,K], Vn € [1, N]
1Bellp =1, Vke€[l,K]

A 4

Subject to {
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( . N K
{@nkaﬁk} = argmin Z Wq% ||Ym — Z ankﬁkxm
Vn < Oénk,,Bk m=1 k=1 F
] ank >0, vk € [1, K]
\||/3k:HF:1> Vk € [17K]
g +t
Use multiple observation pairs for parameter estimation: l T +++
N—
Weights W,} for considered observation pairs \
Similarity to the current observation — ,L *
Non-linear ‘ * Y
Non-convex k

Partial minimization over one set of parameters: linear and convex
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Alternating Least Squares (ALS) algorithm: _ Alternate partial minimizations until
convergence

B update a update
- Estimate B, with fixed a, - Estimate a,,;, with fixed S}
- Normalization constraint - Non-negativity constraint
N N -1
: .. ®, = Wmy,.xt W, xt
Local linear operator decomposition: (,mzl Y Xm) (n; w7 Xm)
a ®,:y,~O,x, ) ///K ) Dictionary learning:
oA On = 2. ankfBy +wn Wide variety of
T s o, > 0,Vk € [1,K], ¥ € [1,N] algorithms exist
1Billy =1,V k € [1,K] [Lee & Seung,
> 1 1999; Aharon et al,
Xn
\- AN / 2007; Hoyer, 2004]
Constraints can be
424 omomE TS orceEn changed easily
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FIGURE 4: Distribution of nMSE for the estimation of model parameters

Dictionary-based decomposition of local linear operators
Best performance under favorable settings

ALS-direct/ALS-gradient:
Less stable
May prove useful under non-ideal settings
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APPLICATIONS
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Decomposition of upper ocean dynamics

_ §SS(t.p) = Oty )vec (Pssr(tn, p)), ¥ \
/X” — ]:T(SST) y(si,ti) = Zak (8isti)By x(sz-,} / ( pi{ (tnJvec (Pss(tn ), 9
y

» = Frr(SSH) k O(tn) = > on(tn)By

Decomposition of forecasting operators

s(t+0t) = A (s(t))s(t) — A(s Zak By
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Analog forecasting of Lorenz
‘96 dynamics
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Vatriables

Case study: Lorenz ‘96 dynamical system

(‘?sz-

By, = (Si—i—l — Si_g) Si—1 — S; + F Vi e ].,L

Developed to study predictability issues in
weather forecasting

Representative of chaotic geophysical
dynamical systems (e.g. the atmosphere)

Forecasting:
For a 40-variable Lorenz ‘96 time series s(t)

1’.1'0 Yy s(t+0t) = A (s(t)) s(t)

h-ln

FIGURE 5: Lorenz '96 model
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FIGURE 6: Analog forecasting
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FIGURE 7: Non-negative decomposition of analog forecasting operators
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= ocal linear regression
*-Non-negative decomposition (K=4)
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FIGURE 8. RMSE vs number of analogs for classic analog forecasting and non-negative
decomposition of the classic analog forecasting operator using K=4 modes
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Segmentation of SST/SSS Sea
Surface Dynamics
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SST

1 Case study in the Alboran Sea:
e 8 Daily WMOP synthetic anomaly
0 £ images (2009-2012)

2]

Sea surface temperature (SST)

-0.5
Sea surface salinity (SSS)
K|
Cold water intake from the Atlantic
0.5 thought the Gibraltar Strait
=
o & Strong seasonal patterns
(7]
0.5 _ .
Inversion of SST/SSS correlation
5

FIGURE 9: SST/SSS fields on March 22nd 2011
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SSS(tn,p) = O(tn)vec (Psst(tn,p)), Vp

Ot ) — t Mode 1 : inversion of
( n) Zak( n)'Bk correlation between

k=1 SST/SSS fields

3333

Mode 2: coherent
ST/SSS relationship

FIGURE 10: Modal SSS field predictions from the SST field on March 22, 2011
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FIGURE 11: Distribution of SST/SSS correlation coefficients
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FIGURE 12: Interpolation of satellite data
Key issue in oceanography

Main difficulty: _ Irregular and partial sampling of the ocean surface
Multiple data sources
Different spatio-temporal sampling strategies
Missing data: up to 90%

Current limitation:  Scales <100 km not accurately reconstructed
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Model-based approaches: )

State-of-the-art: Optimal
Interpolation [Bretherton et al.,
1976]

Gaussianity

Mean spatio-temporal

covariance structures

New approaches: Additional
physically-motivated constraints
Ol+Bathymetry [Escudier et

al., 2013]
Dynamic interpolation

[Ubelmann et al., 2014]
\_ _/

Gew developments in instrumentation: \

SWOT
[Fu & Ferrari,
2008]

H-Pol Interferometer Swath
10 - 60 km N . 10- 60 km

SKIM

N V-Pol Interferometer Swath
ladir

[Ardhuin et al.,
2018]

N\

We focus on exploring data-driven alternatives
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Problem Formulation
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(
State-space formulation

{x(t) = M (x(t —dt)) + €(t)
y(t) = H(x(),Q(t)) +n()

Dynamical model
Observation model

. Y,
. )
Patch-based representation it Interpolate each patch
ZZZl 9" |} e = independently
385. - N Letl
S
- R y
Multi-scale approach
- ] Fﬁ'i:
» Scales >100 km ..
X =(XH[dx [+ ¢ Resolved by OI = "1E
'“ ' DATA-DRIVEN APPROACHES FOR OCEAN
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Observing system simulation
experiment
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FIGURE 13: SWOT satellite
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Nadir along-track data
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FIGURE 14: Difference between AT and
SWOT altimetry observations
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FIGURE 15: Observing System Simulation Experiment

Case study in the Western Mediterranean Sea, from 2010 to 2014
Synthetic SLA (Sea Level Anomaly) fields simulated with the WMOP model
Along-track observations : real satellite tracks (4 altimeters in 2014)
Pseudo-SWOT observations: SWOT simulator (JPL-NASA)

Tested methods: Optimal Interpolation, DINEOF, Non-negative decomposition of
linear interpolation operators, Analog data assimilation
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Pseudo-observations:

>
|
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FIGURE 16: Pseudo-observations obtained from along-track (AT) and SWOT data
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Results
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TABLE 1: Root mean squared error (Correlation) for AnDA SLA and SLA gradient (rSLA)
reconstruction from nadir along-track observations (AT, ) and wide-swath SWOT
observations (SWOT)p). For each type of observations, both daily observations (D=0) and
observations accumulated on a time window t, + D with D=5 days are considered. Best
result in bold .

Setting SLA VSLA

ATy 0.02395 (0.9186) 0.005507 (0.6989)
ATs 0.01978 (0.9457) 0.004699 (0.7660)

(
( (

SWOT, 0.01810 (0.9543) 0.004436 (0.7857)

SWOTs  0.01920 (0.9502)  0.004345 (0.7913)
( (

OI 0.02927 (0.8451) 0.006655 (0.6052)
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TABLE 2: Root mean squared error (Correlation) for AnDA SLA and SLA gradient (rSLA)
reconstruction from the fusion of nadir along-track observations (ATp,) and wide-swath
SWOT observations (SWO0Tp). For each type of observations, both daily observations
(D=0) and observations accumulated on a time window t, = D with D=5 days are
considered. Best result in bold .

Setting SLA VSLA

ATy + SWOT,  0.01742 (0.9576)  0.004375 (0.7934)
AT + SWOTs  0.01876 (0.9523)  0.004318 (0.7952)

(
( (
AT; + SWOT, 0.01687 (0.9607) 0.004286 (0.8051)
Ol 0.02927 (0.8451)  0.006655 (0.6052)

With respect to Ol:
42% (14%) improvement in terms of RMSE (correlation) for SLA
35% (33%) improvement in terms of RMSE (correlation) for VSLA
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FIGURE 17: SLA fields interpolation results for Optimal Interpolation and for the AnDA
assimilation of ATs, SWOT, and SWOT, + ATs data. Ground-truth fields and observations

included as reference.
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FIGURE 18: V'SLA fields interpolation results for Optimal Interpolation and for the AnDA
assimilation of ATs, SWOT, and SWOT, + ATs data. Ground-truth fields and observations
included as reference.
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PERSPECTIVES
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Explore data-driven approaches for ocean remote
sensing

Non-negative decomposition of operators:
Relevant models
Efficient and mathematically-sound algorithms
Relevant applications in various scientific contexts
Segmentation of upper ocean dynamics from
satellite data
Analog forecasting of dynamical systems

Interpolation of SLA fields from satellite data:
Different sampling patterns: SWOT mission
Data-driven fusion of AT and SWOT observations:

Clear performance gain from the fusion of AT and
SWOT observations
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- WARNING

CHALLENGES

Non-neqgative decomposition of operators:

Further improve robustness of models

Explore alternative constraints (sparsity)

Explore non-linear model extensions

Further study geophysical interpretation of model
parameters

Explore new applications (or extend previous ones)

Interpolation of SLA fields from satellite data:

AHEAD

IMT Atlantique
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Ecole Mines-Télécom

Filtering SWOT noise: key issue
Combine AnDA with current efforts to pre-process
SWOT noise
Complementary sources of altimetry data or alternative
dynamical tracers (SST, SSS, etc.)
Efficient exploitation of 2D information in SWOT:
Observation gradients
Finite size Lyapunov exponents



Thank you for your attention
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It's QUESTION TIME!!




