A direct estimate of horizontal spatial covariance from
non-orthogonally sampled surface velocities
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De-correlation scale is the function of space (X, y).

(Kim et al. JGR, 2007)
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r(t) =g w(t) +e(t) =u(t)cosd + v(t)sinf + e(t),
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A direct estimate of horizontal spatial covariance from
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r(t) =g w(t) +e(t) =u(t)cosd + v(t)sinf + e(t),

(rpr;]r) = 8;(“7;?“7;)8@ (11)
o .true current = cosfjcos Qq(upu;) + cos ) sinﬁq(u;mg)
P Ll + sin6), cost, <UP”§> + sinf), sin 6, (’UP’UD + (e},e;)..
o \ vec ((rrJr)) = avec ({our)) + Bvec ({qur))
R2 + yvec ((vqu)) + dvec ((VV+>) + vec (<€€+>) ,
(13)
L=134; d = 9045x1; M= 100; N=100; d =Gm +e, (14)

The number of radial grid points  The number of basis functions in the x and y directions

TABLE 1. Dimensions of the vectors and matrices in the direct estimate of variance and covariance.

Notation Variance Covariance
d Lx1 LIL+1)/2x1
m 32M+1)(2N +1) x 1 42M+1)(2N+1) x 1

G L x3(2M +1)(2N +1) L(L+1)/2 x42M +1)(2N +1)



->tivation

* When we describe the variability of the spatial-temporal data
(fields or system) and characterize them, we may examine
their covariance structure and decorrelation scales.

®* However, the data may not be evenly sampled in space.

* Mapping of data on regularly spaced grid may be required, so
the spatial covariance/correlation of the mapped fields
contains a bias associated with given assumptions.

* Correlation: a normalized structure of covariance

* So, how can we directly estimate covariance of unevenly
sampled data in space?



-iance estimates (1D, scalar)

® Covariance vs. Energy spectra
* Exponential function with a decorrelation length scale of 2km
* Unevenly sampled data (plotted on the sampling index, not the physical
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_nce estimates (1D, scalar)

Data [d(x)]
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-variance estimate (2D, vector)

r(t) =g w(t) +e(t) =u(t)cosd + v(t)sinf + e(t),

(’”p’”:]r> = g}(WpWng; (11)
i true current = cosf, cosé’q(upug) + cos sinﬁq(upvg)
N
.. \ vec ((rr*)) = avec ((our)) + Bvec ((qur))
R2 + yvec ((vqu)) + dvec ((vv+)) + vec (<€€+>) ,
(13)
d =Gm+e, (14)

L=134; d = 9045x1; M = 100;

TABLE 1. Dimensions of the vectors and matrices in the direct estimate of variance and covariance.

Notation Variance Covariance
d Lx1 L(L+1)/2x1
m 32M+1)(2N +1) x 1 42M+1)2N+1) x 1

G L x32M +1)(2N +1) L(L+1)/2 x 4(2M +1)(2N +1)



-dealized and spectral model
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and Ay and A, denote the de-correlation length scales in
the x and y directions, respectively.
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Summary

* A direct method of spatial covariance estimates on the scalar
and vector data can minimize the bias due to an intermediate
step of gridding.

* Solving the inverse problem can be computationally
expensive, but we may use advanced computational
resources.

®* The number of realizations and the density of unevenly
samplings (sparse vs. dense) can affect the performance of
the proposed analysis, which should be examined with
1D/simple examples.



