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Introduction )

...at surface

Satellite provides data at high resolution : &
synoptic  coverage and high | =y
repetitiveness but cannot sense the ocean *
deep layers

with

...along the vertical component

In situ data provide accurate information but

with:

Practical difficulties

Punctual data/discrete samples
Time consuming/economic effort
Low coverage

3D ocean interior structure remain undersampled

U

Information GAP between 2D and 3D!
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Introduction )

Synergic use of data coming from different platforms




Introduction )

Aim of the work

Reconstruction of the 3D chlorophyll and
temperature fields from satellite data through the
application of a Multi-Layer Perceptron (MLP)

* To exploit the resolution of satellite imagery to project chlorophyll
and temperature surface data at deeper layers.

* To overcome the discontinuous nature of in situ datasets.

e To demonstrate one of the possible applications of artificial
intelligence to the ocean data for an improved ocean monitoring.



Materials and method

Machine Learning model

Computational tools that combine many simple processing units to obtain complex
responses (Machine Learning).

A different approach from the conventional modelling, able to find the non-linear
functional relationship among the variables, without a priori assumption of suitable
function or algorithm.

... in our work

Deep Feed-Forward Neural Network (FFNN)

Error Backpropagation algorithm
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Materials and method

Method development

A large in situ dataset of Chla and
Temp profiles with  concurrent

b

remotely-sensed variables was used ‘ Training/Test of the
for the training and test of the _ ‘ o Neural Network
network In situ data Surface observations

Application

Surface observations

Deep Feed-Forward Neural Network
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MLP modelled Chl (mgm_3)
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Results and discussion )

Chlorophyll results

Network validation against in situ data showed very promising results, both on the training and test set;

Comparable statistics both for training and test data set, suggesting the network is no-overfitting during
the learning phase;
The highest RMSE is observed from 20 m to 60 m of depth in agreement with the Deep Chlorophyll
Maximum variations.
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Results and discussion )

Chlorophyll vertical profiles reconstructed from satellite

e Observed Chla profile
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Results and discussion )

Temperature results

 The network simulates the observed values with good accuracy;

* The statistics are better for temperature than those obtained for chlorophyll;

* No-overfitting during the learning phase;

e Maximum variability between 20 m and 80 m of RMSE curve, usually related to the mixed-layer
depth (MLD) variations, impacting also the DCM position.
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Temperature vertical profiles reconstructed from satellite
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* The magnitude of the thermocline is
accurately predicted for most of the classes;

*Overlap of the STD of observed
temperature and the predicted one;

* Slight discrepancy in the first meters for
classes of highest temperatures.

(from Sammartino et al., 2020)
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Results and discussion )

A sensitivity analysis of the input influence on the prediction
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Results and discussion )

A comparison with reference Mediterranean Climatology (MEDATLAS)
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Conclusions and future
perspectives

Conclusions and future works

Synergy between data of different nature is possible, allowing the extrapolation of surface marine variables
to deeper layer (from 2D -> 3D);

The prediction capability of such neural networks is strictly depending on training dataset features and the
choice of co-predictors, that deeply influence the network’s performance;

The application of innovative techniques as those based on artificial intelligence to data acquired by multiple
and interdisciplinary observing systems represents a useful approach to describe the ocean state evolution
from surface to the deeper layers;

Machine learning techniques applied to satellite estimates demonstrated huge and still only minimally
exploited potentialities, both as predictive models and to better initialize numerical bio-geophysical models.

... works in progress

Test additional predictors, for instance, directly ingesting radiances instead of satellite chlorophyll, or including

input from new gap-free regional and multi-sensor sea surface salinity at high resolution (Sammartino et al.
2022);

Implementing different types of neural networks (e.g. artificial recurrent neural network) for the
reconstruction of the 3D structure of other variables in the Mediterranean Sea (e.g. vertical salinity).
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