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m Observation operators
Deep learning algorithms are now widely spread in a diverse range of fields to help solving automatic classification Assimilating acoustic data in oceanographic models requires the formulation of the acoustic observation operator.
and regression problems. Here, we present and assess a strategy aimed at introducing an observation operator Here, we follow a data-driven approach, given the highly non-linear regime of the acoustic propagation models,
based on neural networks in variational data assimilation. Linearization of such operator, required by variational which questions the validity of its tangent-linear approximation. , Cross-Correlation Matrix between Temperature and Transmission Loss
schemes, is also implemented. The methodology is applied to the coupled oceanic-acoustic data assimilation _ | | | SEEREL LR B
problem, and provides promising results. Our approach may be extended in the future to assimilate any remotely CCA observation operator: Canonical correlation analysis ol N EIRIRIRIRIRIRIE L H N B
sensed type of observations. More details at https://doi.org/10.1175/MWR-D-20-0320.1 (CCA) s used lo provide a linear data-driven observation gc H ’ i E

operator. CCA finds the transformation matrices that project g

||||||||||||||| —1 0.0

iInput and output datasets onto maximally correlated matrices. Pl 1

Motivation and observing scenario | | R e ' I

NN observation operator: Artifical neural networks (NN) are G}l 00 bbb i i i TN NI O O O DO

used to formulate the second data-driven observation operator. e SEE SRRt
As variational schemes require the tangent-linear version of Range (km)
any operator, we assess the ImpaCt Of two linearization Normalized Error Standard Deviation Correlation

An increasing number of observations in empirical and/or non-linear Acoustic Scenario
relationship with the data assimilation control variables may benefit 4 -
from algorithms inherited from deep learning (for instance artificial

neural networks). strategles._ numerical derivation (NUMD_ER? through_ RlcharQSon 040 ——— 1,00
45 extrapolation or reverse-mode automatic differentation provided go®jew 2 \/’W
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As an application example, we investigate the feasibility of a data- NEMO domain ) by the Tensorflow package (TFAD). g 5 o0

driven approach for the assimilation of underwater acoustic . ' Trainit o data (t t 4t oo | dat 3 020 £ 0.96
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measurements in oceanographic models. 8 raining data (temperature and transmission 0ss da a) are 5 o1 - /\'\/\/f\/\ 0957

3 - provided by an ensemble of NEMO runs (with stochastic ¢,y 4 0.94 -
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Acoustic propagation from the source (S) to the receiver (R) at a - p.hys:c:?), COll{pred dtcb) trlmmdl:\?:;\vllaterd ?COUStIC Propagation SRR ARA AR LSS AR SRR

given frequency is subject to a certain transmission loss (TL), which T SIMUIALons perormed by the MOAet. eivere overe

depends also on the sound speed fields along the propagation

transect, hence on the underlying seawater temperature o Validation (see the Figure) of the two operators (performed over data independent from the model fitting) shows the

significantly higher accuracy of the NN observation operator. While using numerical derivation leads to detrimental
skill scores, the adoption of the automatic differentiation provides an accuracy as high as the non-linear NN.

Inversion of TL

Here, we study in particular the possibility to assimilate TL data
relative to a 60 km propagation path over the Ligurain Sea (western | | | | L
Mediterranean Sea) at a frequency of 75 Hz (typical of ship noise). 6 : 10 12 14
We consider an hydrophone tower with 18 receivers (upper 200m). Longitude

Temperature Analysis Increments (CCA) TL Profiles TL Increments

The observation operator provides of way to invert TL i
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acoustic data onto temperature fields. - =
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The ocean model is NEMO 3.6, implemented with a resolution of about 1. . — background-error covariances can map a profile of < | .
1.8 km and 91 depth levels with partial steps. It is forced at the surface - e |- transmission loss innovations onto the cross-section of I
by the ECMWF operational analyses and forecast (with the CORE bulk - £" ] temperature (underwater acoustic propagating path). Te 6w ] ga'o ) )Jo 0w o 120 130 140
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formulas) and at the lateral boundaries by the CMEMS Mediterranean :*
Sea forecasting system.

The acoustic model is RAM (Range-dependent acoustic model), which

IS a parabolic equation model using the split-step Pade approximation. S e T i T
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Input sound speed fields for RAM are provided by the NEMO ocean outputs, ™" @ Nawe the t L'gﬁr'an i ior;casﬂr&g : | | T | |
while geoacoustic charactereization is taken from the NOAA Deck41 database. " . zys e(;n i oW i at e t . Sl
Top right panels show the variability of temperature across the propagation path cone @)oo=l foreceg atse . O servs |tc;]n tcr)mperacfc)rl B Ei .
and that of transmission loss at the receiver, in an ensemble of simulations. or NNy Y ’/" outperiorms — bo At L o | | 50 5
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The data assimilation formulation is a three-dimensional variational scheme 71B) Background TL CCA IJc[)ased 9 o.bservat;chm = 30 K % 30 éi é
(3DVAR) with incremental formulation and control variable transformation. The BEREN - ;)pera or},( r(;_ ucing the 3 0 88 | 200 8§ 200 &
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control variables in physical space are temperature, salinity and sea surface }, Background T, t(ﬁmloerallure |'T1\ls nec?r k e A
height.: The 3DVAR scheme uses multi-variate EOFs for the vertical I' erm.octl_ne. or}—a apt“h’e . - »
covariances and a recursive filter to model horizontal correlations. | | > nearization X A o 1\ o -
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The assimilation of acoustic observations is tested through OSSE experiments, as shown in the above scheme. A | _ A ——— —————
(perturbed) nature run of NEMO-RAM provides synthetic observations, which are then assimilated in the 3DVAR climatology) provides Y e O ey o e
scheme by means of the observation operator presented hereafter. detrimental RMSE results.
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