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Objectives of the presentation

» Address a data-driven variational data assimilation framework to solve this
inverse problem

» Discuss the viability of a multi-modal approach using both underwater acoustic
data and synthetic wind speed data

Contents
» Data sets
» The 4DVarNet model

» Results



Underwater Passive Acoustics

» Acoustic spectra

» Discontinuous underwater ambient
noise sampling

» FFT to project acoustic signal
to frequency domain (64 bins)

ECMWF wind speed

» Reanalyses

» Obtained with the integration
of the 4DVar scheme

» Hourly resolution

In-situ wind speed

» Wind measurements
» Hourly resolution

» Physically co-located with
UPA hydrophone
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Model based on the 4DVar Data Assimilation scheme + Deep Learning concepts

1Fablet, R., Chapron, B., Drumetz, L., Mémin, E., Pannekoucke, O., & Rousseau, F. (2021). Learning variational data assimilation models and solvers. Journal of Advances in
Modeling Earth Systems, 13, €2021MS002572. https://doi.org/10.1029/2021MS002572



Model based on the 4DVar Data Assimilation scheme + Deep Learning concepts

» Data Assimilation

O Reanalysis : optimal X'y given by 4DVar
— Model M integration: x; = ®(z;t)

—- True state evolution according to ag—(tt) = M(z;t)

¢ © Observation Y :H(m,)

Data validate the model !!!

1Fablet, R., Chapron, B., Drumetz, L., Mémin, E., Pannekoucke, O., & Rousseau, F. (2021). Learning variational data assimilation models and solvers. Journal of Advances in
Modeling Earth Systems, 13, €2021MS002572. https://doi.org/10.1029/2021MS002572



Model based on the 4DVar Data Assimilation scheme + Deep Learning concepts

» Data Assimilation

O Reanalysis : optimal X'y given by 4DVar
— Model M integration: x; = ®(z;t)

—- True state evolution according to 62—(;) = M(z;t)

t t t t t © Observation y; = H(x)

Data validate the model !!!

» Trainable Neural Network Modules

M= fgro---0 fon Non-linear cascade
2
f€ Yy = M(a:) Input-output map
Jor .
0= arg ming C(m, y) Parameters optimization

Data DEFINE the model !!!

1Fal:llet, R., Chapron, B., Drumetz, L., Mémin, E., Pannekoucke, O., & Rousseau, F. (2021). Learning variational data assimilation models and solvers. Journal of Advances in
Modeling Earth Systems, 13, €2021MS002572. https://doi.org/10.1029/2021MS002572



Model based on the 4DVar Data Assimilation scheme + Deep Learning concepts

» State-space model

Ox(t)
ot

= M(x;t)  piscretize xy = ®(x;t) Dynamical equation
y = H(z;t) yt = H(m) Observation equation

» Variational cost : minimize to get the state variable x

Vsl ®) = [y —H@IR | + [llz - ()P

I Data fidelty I | Physics Compliance |
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» State-space model
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4DVarNet proposal
» Neural network parametrization of ®

» Neural network parametrization of the gradient solver I

sk = (V. Us)
LBHD = ) _ (kD)




4DVar

» Explicit knowledge of the
observation operator

Hx—y 27?7

» Integration of the physical prior
Requires conceptual and
computational effort

M:z—az 1l

4DVarNet

» M s trainable

» H s trainable

NN-parametrization advantages :

» Computational Tensor Algebra
» Hardware Acceleration
» Automatic differentiation

» Flexible operators representation
» Trainable gradient solver



Models
Physical prior ® : © — x

» 1D Convolutional Auto-encoder architecture

» Structure, having hidden space dimension of 20, is

Encoder : input_size — 128 — 20  (Latent space)
Decoder : 20 — 128 — input_size

GradientsolverI' : z — x
» Convolutional Long-Short Term Memory (LSTM) network

» The hidden cell dimension is 100
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GradientsolverI' : z — x
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» The hidden cell dimension is 100

Data
Each time series X7, v = {UPA, ECMWF, Situ} is formatted in such a way that

dim(X") = (M, T, N)

l.e. the dataset is a collection of M N -variate time series of length T = 24 in this case



With multi-modal machine learning
» Heterogeneous datasets should be used

» The complementary information contained in each modality can be exploited

In our scope

» UPA and ECMWF both convey useful information for in-situ wind speed

a UPA ECMWF] UPA
I

v ="y

ECMWF)

= concat (y Y

» We have a multi-modal higher-dimensional latent state, with yB = ySit“

T = [:ca,xﬁ] = concat (xa,xﬁ> ; dim(z) = N* + N®

» A linear observation operator H provides observations Yy only

y=[y"0"] = H(@); dim(y) = N*+ N




» State-of-the-art’ : Ensemble regression models

yi e )

» 4DVarNet approach : Prediction of time series of wind speed

{y?;tGTk}'—){wt;tGTk}; with Ty C Tand U T =T

2W. 0. Taylor, M. N. Anagnostou, D. Cerrai and E. N. Anagnostou, "Machine Learning Methods to Approximate Rainfall and Wind From Acoustic Underwater Measurements
(February 2020)," in IEEE Transactions on Geoscience and Remote Sensing, vol. 59, no. 4, pp. 2810-2821, April 2021, doi: 10.1109/TGRS.2020.3007557



» State-of-the-art’ : Ensemble regression models

yi e )

» 4DVarNet approach : Prediction of time series of wind speed

{y?;tGTk}l—){xt;tETk}; with Ty C Tand Ug T =T

Thus we define

yi yf Time-independent case

{y?; 0<t<Ty—{y’; 0<t<T} Time-dependent case

2W, 0. Taylor, M. N. Anagnostou, D. Cerrai and E. N. Anagnostou, "Machine Learning Methods to Approximate Rainfall and Wind From Acoustic Underwater Measurements
(February 2020)," in IEEE Transactions on Geoscience and Remote Sensing, vol. 59, no. 4, pp. 2810-2821, April 2021, doi: 10.1109/TGRS.2020.3007557



» Performance metrics : (RMSE) restricted on the observation domain 0°

By’ 2% = ly® — 2° |5

» Model average of 10 model runs

u = median ({:Ef}]w:l)

By’ uw) = Iy’ —ulgs

» Evaluate 4DVarNet performance and robustness for three test cases

1 Reconstruction from the complete dataset
2 Reconstruction with irregular sampling
3 k-steps-ahead forecast



rable 1: RMSE metrics for time independent case.

Model Metrics inm/s
RMSE Mean =+ std n-Median

ECMWF 4DVarDA 1.71 - -
SAR GMF images 1.33 - -
SPL-full regression 1.16 - -
CatBoost 0.95 - -
Random Forest 0.97 - -
FC-AE - 0.98 4+ 0.03 0.95
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Tavle 2: Results for single and multi-modal settings, time dependent case. The relative gains are

referred to the best baseline model, that is the FC-AE.

Model Metrics in m/s Relative gain
Mean * std n-Median 7 [%]
FC-AE 0.97 0.04 0.92 3.2
Conv-AE-UPA 0.94 £ 0.04 0.88 7.4
4DVarNet-UPA 5 iter 0.91 £ 0.02 0.87 8.4
4DVarNet-UPA 10 iter 0.89 1 0.04 0.84 11.6
Conv-AE-UPA+ECMWF 0.88 £ 0.02 0.83 12.6
4DVarNet-UPA+ECMWF 5 iter 0.85 4 0.03 0.81 14.7
4DVarNet-UPA+ECMWEF 10 iter 0.84 1 0.02 0.80 15.8
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—— In-situ wind (Irregularly sampled 50 %) -+ In-situwind (Real data) === 4DVarNet-MM
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Examples of reconstructions, sampling rate 7 = 50%, RMSE E = 0.89 m/s

r % Metrics in m/s
Method Mean £ std n-Median
o o 10 0.85+0.02 0.80
wih = b oo 20 0.87+002 081
) masks a given fraction 7 30 0.90 £+ 0.02 0.83
of the T' timesteps 40 0.92 £+ 0.02 0.83

50 0.98 £+ 0.02 0.89
60 1.01 £ 0.02 0.91
70  1.07 £0.03 0.96
80 1.17 £0.03 1.08
90  1.27 £ 0.03 1.21
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€ masks a whole sub-sequence E(Pi®, y®) 1.74

of the time steps

P u is the Persistence of the signal u
after the last sampling point



Take-home message

» Improved predictive performance of wind speed wrt to state-of-the-art models
» Reconstruction of time series of wind speed, not only a model value-to-output

» The potential of the multi-modal approach

Future work
» Inspect further the « forecast » aspect
» Integration of spatial dimension

» Super-resolution task
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