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Background



From range between the satellites to gravity change

Spherical harmonic approach
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From range between the satellites to gravity change

Spherical harmonic approach Imaginary
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GRACE is noisy - The need for filtering




The fast mascons approach

Spherical harmonic solutions to filtered area averaged mass anomalies



Formulation

CSR Mascons (40962)
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Save et al. (2016); Croteau et al. (2021)




Formulation

CSR Mascons (40962)

pwater
AK, () = —EPwater hi(t 0,1)dQ
lm]( ) M 21+1 ( )ff ( 5 )

Shicosfficients isotropic transfer function

mascons

N
AKy(8) = Z Klmj(t)

j=1

Save et al. (2016); Croteau et al. (2021)




Formulation

CSR Mascons (40962)

M 21+1

isotropic transfer function

ARy (0) = % Pumer 1K (1) U ' (6,1)d2
S—— N L

SH coefficients

mascons

N
AKy(8) = Z Klmj(t)

j=1

a pwa T 1+
AKip(t) = EE o Zh(t) (6,,4)W,

discretized

Save et al. (2016); Croteau et al. (2021)




Formulation

N

h(t) Y (6.,1) W,
M 20+1 ;\’(/)M\,&

mass change  SH functions  Area weights

2
aE Pwater 1+ kll

AI<lm(t) =
—_——

SH Coefficients - K
isotropic transfer function

Save et al. (2016); Croteau et al. (2021)




Formulation
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Save et al. (2016); Croteau et al. (2021)

Discrete spherical harmonic analysis




Formulation

2
g Pwater 1+ k[/

AI<lm(t) =

SH Coefficients

2[+1

isotropic transfer function

k AL
~—~— N~

SH Coefficients isotropic transfer function

N

mass chan

Y’
~—

SH functions

YT

Im

~—

J

—_—————

ge SHfunctions Areaweights

w

Area weights

h
~—~—

mass change




Formulation
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SH Coefficients  isotropic transfer function ~ SHfunctions ~ Area weights ~ mass change

k=A"Wh+e, 9{k} = Q.
—

spectral covariance

No. of SH coefficients < No. of mascons = System underdetermined



Solution

&{k}=A"Wh, 2{k} =Q; Noise covariance
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&{hy} =h, 2{hy} = Q; Signal covariance




Solution

&{k}=A"Wh,
g{ho} = h;

A ~_1\"1
h=(WAQ AW +1Q,') WAQ. 'k

2{k} =Q; Noise covariance

2{hy} = Q; Signal covariance

A - Regularization parameter
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Solution

&{k}=A"Wh, 2{k} = Q. Noise covariance
&{hy} =h, 9{hy} = Q, Signal covariance

h=Q,WA (AQx + AT W Q, WA)71 k A - Regularization parameter
ho =0

Croteau et al. (2021)



Solution

&{k}=A"Wh, 2{k} = Q) Noise covariance
&{hy} =h, 9{hy} =Q; Signal covariance

h=Q,WA(2Q, + ATWQ, WA)_1 k A - Regularization parameter
ho = 0

h = Cov

o (Cov,,,, + Covy ) 'k Least-squares collocation

e.g. Sneeuw (2000)




Redundancy contribution matrices
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Redundancy contribution matrices
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Redundancy contribution matrices

h=Q, WA (2Q, + ATWQ, WA)_1 k Complete solution
+[I-QWA(2Q + A WQ,WA) " ATW]h, hy =0

s{hy =0, WA (AQ, + AW Q, WA) ' &{k}

+ [I_Qh WA(AQ +ATWQ,WA) AT W] &{ho}

h=0,WA(AQ + AT WQ,WA)  ATWh

R, data contribution

+[I-QWA(2Q +ATWQ, WA) " AW ]h

Ry, contribution of prior

R, +R, =1 All matrices are square




tasting the pudding ...



Following Croteau et al. (2021)

Spatial covariance matrix - Qh
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Spatial redundancy contribution of GRACE

R, =Q,WA(AQ + AT WQ, WA)"
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Spatial redundancy contribution of prior Qh

Ry,=I1-Q,WA(AQ + AT WQ,waA) " A'w
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taking fast mascons further ...



A careful look at the fast mascons solution
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A careful look at the fast mascons solution
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Spherical harmonic synthesis
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Rummel & Schwarz, 1977; Devaraju, 2015

Spherical harmonic synthesis of the spectral covariance
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A careful look at the fast mascons solution

h=Q,WA(AQ + AT WQ,WA) k

=BQB'WA(AQ, + A" WBQ,B'WA)  k " Qy=BQ;B'

—BQ (AQx + Q) k > AAWB=BWA=1

Klees et al. (2008)

A"W B = B" W A = I depends on sampling on the sphere and W Sneeuw (1994)

12



A careful look at the fast mascons solution
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A careful look at the fast mascons solution
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Kusche et al. (2007)




A careful look at the fast mascons solution
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A careful look at the fast mascons solution
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A careful look at the fast mascons solution
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Sampling the mascons vs. (A"‘ WB) =17
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Sampling the mascons vs. (A"r WB) =17

GSFC - Equal-area
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Sampling the mascons vs. (A"‘ WB) =17
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Sampling the mascons vs. (A"‘ WB) =17
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Sampling the mascons vs. (A"‘ WB) =17
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interpreting the spatial redundancy matrices...



Comparing spatial and spectral redundancy contribution matrices

Degree variances of Q;, and Q,,
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Comparing spatial and spectral redundancy contribution matrices

Spatial redundancy contribution - Diag(R;. ) and Diag(R})
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Comparing spatial and spectral redundancy contribution matrices

Spatial redundancy contribution - Rows of R and R},

Spectral redundancy contribution
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Comparing spatial and spectral redundancy contribution matrices

Spatial redundancy contribution - Rows of R and R},
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Comparing spatial and spectral redundancy contribution matrices

Spatial redundancy contribution - Rows of R and R},
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Spectra of mass anomalies - Amplitudes and degree variances

Degree variances of k and k
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Spectra of mass anomalies - Amplitudes and degree variances

Degree variances of k and k
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Spatial plots of mass anomalies

Fast mascons
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Summary
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