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Looking at planets i

� Study data d(θ, ϕ) on a sphere.

Move beyond pixels. Study wavelengths. Respect geography.

� Find transforms that illuminate spatio-spectral structure, parsimoniously

� The spherical wavelet transform I1

� The spherical harmonic transform II1

� The spherical Slepian transform III1

� Estimate power spectra; but keep them localized

� Non-parametrically: the multitaper method IV1

� Parametrically: the Matérn class V1

� Estimate cross-power spectra: multivariate & multidimensional

� Revisiting flexure via maximum-likelihood estimation VI1



I The wavelet transform i

Cartesian wavelets are “easy” — well understood, fast algorithms, and

proper accounting of boundaries (wavelets “on the interval” ).
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If we could treat the Earth like a three-dimensional Cartesian box, we would.

We’d take the Haar basis in depth and the Daubechies basis on the surface.

We’d account for the edges with preconditioners and special boundary filters.

And then we’d map the box onto a sphere — the cubed sphere.

Cohen, Daubechies & Vial, ACHA, 1993



I The wavelet transform i

Can we adapt the wavelet transform,

so powerful in Cartesian applications, to the sphere,

where it is known to be — “complicated”?
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I Cubed-spherical wavelets i
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I A sparsifying transform i

D4 coefficients (m)
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D4 coefficients (m)
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D4 coefficients (m)
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D4 coefficients (m)
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I A sparsifying transform i

D4 coefficients (m)
−45612 −26843 10616

 

 

D4 reconstruction (m)
−5101 −1345 1101

rmse 24.5% | 99%ile | 99% zero
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I Applications i

So far, mostly for inverse problems in seismology. But

the topographic example shows there is much promise

for the study of planetary surfaces also.



II Spherical harmonics i
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III The Slepian transform i

Can we combine spherical harmonics, which

normally spread their energy over the whole globe,

into Slepian functions — for a particular region?



II→ III Spherical harmonics→ Slepian functions i

An optimal orthogonal transform introduces sparsity. Here’s two looks at it:
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III Slepian functions i
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II Spherical harmonics i
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III Slepian functions i
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II Application to the analysis of GRACE i

dGSM.2005.001.2005.031.0K20.geo
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II Application to the analysis of GRACE i

dGSM.2004.336.2004.366.0K20.geo

 

 

Geoid height variation [mm]
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Han & Simons, JGR, 2008



II→ III Harmonics→ Slepian is sparsifying i

Expand the GRACE-derived geopotential into Slepian

functions — designed for a region around Sumatra. The

next plot shows just two of the terms in the expansion.



III Application to the analysis of GRACE i
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Slepian functions for abitrary regions i
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Whither Antarctica? i

Harig & Simons, EPSL, 2015
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Conclusions i

https://github.com/fjsimons


