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Motivation
SWOT Mission (2022+)

» Sea Surface Height (SSH)

 Gateway to the Ocean State
* Physical Processes

e Bio-Geochemical Processes
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In Practice
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» Jake Advantage of Sparsity

A technique for objective analysis and design of oceanographic experiments applied to MODE-73 - Bretherton et. al. - 1975

A numerically efficient data analysis method with error map generation - Rixen et al - 2000
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Implicit Neural Representations

Neural Network

Optimal Interpolation with a different Model...



Problem




Example: Interpolating an Image

https://wandb.ai/wandb/nerf-jax/reports/Implementing-NeRF-in-JAX--VmlldzoxODA2NDk?2?galleryTag=jax



Problem

D




Fourier Features Mapping

Basis Transformation

b(x) = Q ~ N (0,7°T)

Fourier Features Let Networks Learn High Frequency Functions in Low Dimensional Domains - Tancik et. al. - NeurIPS 2020



Sin (Zﬂﬂx)

Px) = [cos (ZEQX)

Fourier Features Mapping

Basis Transformation

fo@(x)) := NNy e h(x)
r 1

Standard NN RFF Transformation

Fourier Features Let Networks Learn High Frequency Functions in Low Dimensional Domains - Tancik et. al. - NeurIPS 2020




Example: Interpolating an Image

Revisited

Iteration O

Fourier Features Let Networks Learn High Frequency Functions in Low Dimensional Domains - Tancik et. al. - NeurIPS 2020



Problem

Solutions




Sinusoidal Layer

Frequency
Parameter

J
P (x) = sin (wy (WX + b)

1, ™

Sine function Linear Layer

Implicit Neural Representations with Periodic Activation Functions - Sitzmann et. al. - NeurlIPS 2020
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SIREN Model

Sine Layer
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Linear Layer

Implicit Neural Representations with Periodic Activation Functions - Sitzmann et. a l. - NeurlPS 2020



Result - Better Gradient Representation

Implicit Neural Representations with Periodic Activation Functions - Sitzmann et. al. - NeurlIPS 2020



Preliminary Results
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SSH Mapping Data Challenge 2021a

This repository contains codes and sample notebooks for downloading and
processing the SSH mapping data challenge.

The quickstart can be run online by clicking here:

Motivation

The goal is to investigate how to best reconstruct sequences of Sea Surface
Height (SSH) maps from partial satellite altimetry observations. This data
challenge follows an Observation System Experiment framework: Satellite
observations are from real sea surface height data from altimeter. The practical
goal of the challenge is to investigate the best mapping method according to
scores described below and in Jupyter notebooks.

https://github.com/ocean-data-challenges/2021a_SSH_mapping_OSE



Evaluation Period
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https://github.com/ocean-data-challenges/2021a_SSH_mapping_OSE



Results
Visual Maps
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Poor Laplacian...




Results

Metrics

Optimal Interpolation
Optimal Interpolation
(Production - DUACS)

Normalised RMSE Normalised RMSE Resolved Spatial
Resolution
(Mean) (Standard Dev) )




Results

Inference Times - (~1 million data points)

Optimal Interpolation
Optimal Interpolation
(Production - DUACS)




The Next Steps




Wish List

My Potential Contributions

2015 - 2020

e Data (Easy)

 Pragmatic Bayesian (Medium)

* Physics Informed Loss Function (Hard)

* MLops + Reproducibility (**Easy**)




Thank You

Any Questions?



mailto:johnsonj@univ-grenoble-alpes.fr

Coordinate Representation

x € R

* D, = [Latitude, Longitude, ]
————————  N=[ % % Kk Kk K K Kk |



Baseline
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Optimal Interpolation

(Production)

304

306

0.75

0.50

-0.25

-0.00

=0.25

r=0.50

-0.75

-1.00

sla



