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Deep learning algorithms are now widely spread in a diverse range of fields to help solving automatic classification and
regression problems. Here, we present and assess a strategy aimed at introducing an observation operator based on neural
networks in data assimilation. Linearization of such operator, required by variational schemes, is also discussed and
implemented. The methodology is applied to the coupled oceanic-acoustic data assimilation problem, and provides promising
results. Our approach may be extended in the future to assimilate any remotely sensed type of observations.

Motivation: A number of assimilation components (quality control, bias correction, observation operator, cross-covariance/balance
specification, etc.) intrinsically contain, to different extent, some empirically formulated features. It is therefore interesting to test the
feasibility and the performance of machine learning algorithms, which may outperform traditional methods. Here, we focus on the
replacement of analytical observation operators by means of artificial neural networks. The idea is applied to the problem of assimilating
acoustic underwater propagation measurements (transmission loss) into oceanographic models, a relevant issue due to the strong non-
linearity of the propagation itself and the difficulty to formulate an analytical tangent linear/adjoint observation operator in such case.
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The scenario mimics sound from ship (10m source depth, 75 Hz signal
frequency), and a number of receivers (hydrophones) that a mooring
is equipped with (every 10m of depth between 2 and 172m).

Training data

To formulate a
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operator, training
data are formed by
an ensemble of
NEMO simulations
(with perturbed
physics), to each of
them the acoustic
model RAM is
coupled to provide
corresponding

transmission loss
fields.

Temperature Ensemble Spread Transmission Loss

(°C) 3 35 4 45 5 55

—
o o)
o o
I
o
(o]
© 0O N O O B WO N =
o O O O O o o o o o
| | | | | | | | |

Py E
200 — =
[ 0.6 §
300 -
o
2
8100
500 é
0.4 110
700 120 -
130 -
1000 — 02 140 -
1300 — 150 -
160 B Ens. Mean
il :
1800 — 70 Ens. Spread
T I T T | — 0.0 | T | 1 | |
0 10 20 30 40 50 60 110 115 120 125 130 135
Range (km) TL (dB)

There have been run about 3000 pairs of oceanographic and
acoustic simulations.

Reconstruction of Transmission Loss data

Two regression techniques are tested for the
reconstruction of TL data using independent
validating data: canonical correlation analysis
(CCA) and artificial neural networks (NN).
Additionally, as variational data assimilation
requires tangent-linear and adjoint version of the
observation operators, two linearization
strategies for NN are evaluated: numerical
derivation (NN-NUMDER, through Richardson’s
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differentiation leads to scores as good as the
non-linear neural network model.
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Assimilation experiments

The way the technique is assessed is through coupled
Observing System Simulation Experiments. A NEMO
nature run (with perturbed boundary conditions) is
coupled to the acoustic propagation model to provide
synthetic acoustic observations (to which a random error
is added). In the nominal configuration of the forecast
system, innovations are evaluated online (NEMO+RAM
forecasts) with respect to the synthetic observations.
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Skill scores and conclusions

The assimilation of transmission loss data improves the RMSE,
notably around the thermocline. The NN experiment outperforms
CCA, proving a promising methodology for the adjoint-free

assimilation of any remotely sensed observation.
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