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Most of the previous century could be called a “century of undersampling.”

H

Walter Munk
Testimony to The U.S. Commission On Ocean Policy, |8 April
2002
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The Sampling Conundrunm

1.Finite Time
2.Finite Energy

3 Finite Sampling Resources

4 Uncertainty of occurrence of
phenomenon

5.Uncertainty of location, size, shape and
strength of feature s1gnal
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UNDERSEA ROBOTS

Toward adaptive robotic sampling of phytoplankton in
the coastal ocean

Trygve O. Fossum'?*, Glaucia M. Fragoso®, Emlyn J. Davies®, Jenny E. Ullgren®, Renato Mendes®”*?,
Geir Johnsen®*?, Ingrid Ellingsen®, Jo Eidsvik'®, Martin Ludvigsen'*?, Kanna Rajan®>®""
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Salinity Sept 2010

Jnaneshwar Das

=== Repeated static-plan surveys not suitable for range of drifter speeds

Coordinated sampling of dynamic oceanographic features with underwater vehicles and drifters
[naneshwar Das, Frederic Py, Thom Manghan, Tom O ’Reilly, Monique Messi‘e, John Ryan, G. S. Sukhatme, K. Rajan, April IJRR, 2012
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(a) PCA projection.

(b) PCA projection - image scatter
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rom fine scale to meso scale

Small Satellites (SmallSats))
—remote sensing, ocean surface observations

0,000's km?




take home message P

* The ocean doesn’t have straight lines; so why are we sampling along those?
* Robotic adaptation and statistical methods with control is critical
* Robotic (and sensing) methods have improved — yet we're still in the ‘Charles
Darwin’ approach to sampling
* Exploration across space and time is more effective with robotics coupled with decision-
making (embedded or not)
* Increasing investment in marine robotics to provide new tools and methods to observe
should occur at less sclerotic pace
* NSF should/can provide added incentives for Computer Scientists to go “smell” the ocean
* More isn’t necessarily better; smarter is — decision-theoretic methods can help

* Alis not ML — there’s more to Al than just “data” and “analytics”
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