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SUMMARY

Large satellite vector datasets of the Earth’s magnetic field have become available in recent
years. Standard magnetic field models of the internal field are generated by parameterising
a small subset of these data through a least-squares spherical harmonic representation. An
alternative approach is to create a set of ‘virtual observatories’ (VO) in space, mimicking the
operation of fixed ground-based observatories. We derive VO datasets from both CHAMP and
Oersted satellite measurements using two different binning methods: (a) a grid of 648 VO
cylinders of 400km radius, equally spaced at 10° in colatitude and longitude and (b) a global
grid of 648 equal area tesserae. We use two different data selection techniques: (a) data from all
local satellite times and () data from the local night-side only (20.00 - 06.00hrs). Corrections
to the input data, using external and toroidal fields calculated by Comprehensive Model 4
(CM4), were also applied. In total, nine variations of VO datasets were formed. We calculate
and directly invert the secular variation (SV) from these VO datasets, to infer flow along the
core-mantle boundary. By examining the residuals from the flow models, we find temporally
and spatially varying biases and patterns in the vector components. We investigate potential
causes for these patterns and find evidence for influence from fields both internal and external
to the satellite, orbital configuration and effects from the method of binning data. We conclude

that the best fit of the flows to the data employs a grid of equal area tesserae using satellite
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night-side only data. The use of CM4 to correct the satellite data before calculation of the VO
grid removes a strong bias from external sources but, on average, does not greatly improve the
fit of the flow to the data. We suggest that, despite best efforts, external fields effects are not
completely removed from SV models and hence create unrealistic secular accleration in the

inverted flow models.
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1 INTRODUCTION

The Earth’s large scale magnetic field is believed to be generated and sustained by dynamo action
within the fluid outer core. The main field changes in both strength and direction over time, with
the gradual variation termed the secular variation (SV). With certain assumptions, it is conjectured
that flow at the core-mantle boundary can be inferred (subject to some uncertainty) from the SV
observed at, or above, the surface of the planet. Since the mid-nineteenth century, the strength and
direction of the main field has been measured continuously at a limited number of fixed ground ob-
servatories, unevenly distributed across the globe (Bloxham et al., 1989). The last decade has seen
a significant improvement in the capability to observe the global field at high spatial resolution.
Several satellite missions have been launched, providing a rich new set of scalar and vector mag-
netic measurements from which to model the global field and temporal variation in detail. These
new spatially comprehensive datasets complement the existing record of ground-based observato-
ries. We exploit these new data to model the SV globally and attempt to improve upon the models
of the core-boundary flow that have been constructed to date. We also use core flow modelling as
a method to examine the effects of external field (and other influences) on models of the internal
SV.

Using the approach developed by Mandea & Olsen (2006), we create a set of 648 ‘Virtual
Observatories’ (VO), distributed about the planet at 400km above the Earth’s surface, based upon
satellite measurements from the CHAMP satellite (Reigber et al., 2002) and Oersted (Neubert
et al., 2001) over five years (2001-2005). We invert the SV calculated at the VO for flow along

the core-mantle boundary (CMB). Several previous studies have employed satellite data to recover
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core flows (Hulot et al., 2002; Holme & Olsen, 2006) with recent results from Olsen & Mandea
(2008) suggesting that rapidly varying flows may occur within the core.

In contrast to most other studies, we invert SV directly from vector data — rather than spherical
harmonic model coefficients — to calculate flow model coefficients, permitting the incorporation of
data uncertainties into the model. Direct comparison of the SV generated by the flow model to the
SV derived at individual VO can also be made, enabling the residuals to be investigated in detail.
We analyse these results illustrating that it is difficult to produce a completely internal SV model.

Section 2 of this paper details the processing of satellite data to derive the VO, while Section 3
summarises the assumptions and method for flow inversion. In Section 4 we examine the patterns
seen in the residuals between the SV produced by the flow model and the observed SV. We also
simulate satellite data and invert the VO SV data derived from them for core flow. Section 5 as-
sesses the evidence for potential causes and explanations for these residual patterns while Section

6 suggests methods for ameliorating the effects in the core flow models produced.

2 VIRTUAL OBSERVATORIES

Ground-based observatories provide a high-quality temporal record of the magnetic field at a sin-
gle point on the surface of the Earth. Observations are taken typically at 1-second intervals, and
made available in the form of minute, hourly, daily or monthly means. However, only a limited
number of observatories are in simultaneous operation at any one time. The observatories are also
unevenly distributed across the planet, with a large number concentrated in Europe and the North-
ern Hemisphere and a paucity in the Southern Hemisphere and Pacific Ocean region. Thus SV, as
determined by ground observatories, is rather poorly constrained over large regions of the Earth.
Data from satellite missions (e.g. Magsat, Oersted, CHAMP, SAC-C) have the advantage of
sampling the magnetic field across almost the entire globe. However, depending on the orbital
configuration, the revisit period for any particular point may be several days to months. This gives
a poor temporal record for any specific region and hence comparison directly to ground-based
observatory records is difficult. Previous studies have overcome this issue by parameterising the

field using a spherical harmonic representation and solving for a least-squares set of coefficients
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which best fit the data (Hulot et al., 2002; Holme & Olsen, 2006). This approach generates a set of
spherical harmonic coefficients representing both the field and the SV, though these field models
are created from a very small selection of quiet-time data (Thomson & Lesur, 2007). The CHAOS
field model (Olsen et al., 2006) contains a larger subset of slightly noisier quiet time data (Kp
index < 20) of satellite data from CHAMP, Oersted and SAC-C. However, this still represents a

vast under-utilisation of the available data.

2.1 VO Method

Mandea & Olsen (2006) suggested another method for treating the large volumes of data generated
during the satellite missions. By binning and averaging all available satellite vector data within a
certain diameter of a selected point into monthly time periods, they were able to reproduce the
change in the magnetic field as recorded at ground observatories. As this approach attempts to
mirror the method used for deriving monthly mean values for ground-based observatories, they
refer to these points above the surface of the planet as ‘virtual observatories’. A strong implicit
assumption is that short-term external field effects will have a zero mean value over the period of
a month.

To calculate the mean monthly field at a VO, the data must be reduced to a common height (due
to the slightly elliptical and slowly decaying orbit of the satellite). Mandea & Olsen (2006) chose
to bin data from a particular month are within cylinder of radius 400km about the chosen latitude
and longitude of the VO position. A main field model (represented by three vector components,

North (X)), East (Y) and Downward (%)) is subtracted from observed vector satellite data (B):
AB = BSatetllite . BMainField (1)

to produce a set of residual measurements AB. It is assumed that the field can be represented
as a Laplacian potential field AB = —VV, which varies linearly in local x, y and z Cartesian
coordinates, with the origin in the centre of the cylinder (at 400km altitude). This allows V' to be

calculated using 8 independent parameters:

V = vx+oy+v.2
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These parameters (v, vy, . . ., vy,;) are estimated using a Huber Robust Least-Squares method. The
mean residuals to the main field at the virtual observatory are AB = —(v,, vy, v,). The main field

model is added back to the residuals to produce values of the X, Y and Z components of the field
for a selected month. This procedure is repeated for all the available months in the dataset at all
VO locations.

The SV (or yearly change) at a given observatory for month(t) is the difference between the
average field in month(t-6) and month(t+6) for the North (X)), East (Y') and Downward (Z) com-

ponents.
SVmontn(t) = Fieldyonin(t + 6) — Fieldponin(t — 6) 3)

This approach removes both the crustal field component of the signal and the annual variation,
without any direct filtering or averaging, giving the X,Y and Z vector components of the field.

In their study, Mandea & Olsen (2006) found a strong correlation (for the period 2001.5-
2005.5) between the SV observed at the Niemgk Observatory and the corresponding point at
a height 400km above Niemgk in the X and Z components (though no strong correlation was
present in the Y component). Comparison of the SV at Niemgk and 21 other observatories to their
respective ‘virtual observatory’ values gave a mean correlation of |p| = 0.65,0.21,0.73 for the X,
Y and Z components, respectively.

Initially, for this study, corrected and calibrated CHAMP vector data were acquired from GFZ
Postdam (Level 2, Release v50) for the time period from May 2001 to December 2005 (56 months).
Magnetic field series for 648 virtual observatories were calculated on two separate grids: (1) a
regular grid of colatitude and longitude (# = 5°,15°,...,175% ¢ = —180°,—170°,...,170°)
mimicking the grid point arrangement of Mandea & Olsen (2006) and (2) an equal area global grid
of 648 tesserae (Leopardi, 2006). At higher latitudes on the grid of equal latitude and longitude,
data included in the VO cylinders are binned into more than one VO, as the areas overlap. At

lower latitudes, there are gaps between the cylinders, meaning some data are unused. Using a
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grid of adjacent non-overlapping equal-area tesserae uses each measured datum just once in the
calculation of the VO grid.

The CHAMP satellite samples the field at a frequency of 1Hz, giving over 86,000 points per
day on average. The CHAOS model was used in Equation (1) as the main field model to compute
the magnetic residuals. The parameters of Equation (2), were calculated by the Huber Robust
Least-Squares algorithm. The 44 months of SV data and their standard deviations, from November

2001 to June 2005, were then estimated using 3.

3 FLOW MODELLING

Roberts and Scott (1965) examined the problem of determining the fluid motions at the core-
mantle boundary responsible for SV, with Kahle ez al. (1967) producing an initial computed solu-
tion. However, many assumptions must be made to formulate the problem and reduce ambiguities
in the resulting solutions. Deducing the flow velocity from SV is non-unique, even with perfect
knowledge of the observed radial part of the field (5,) and the SV (BT), as there are entire classes

of flow which do not generate any detectable SV outside the core (Backus, 1968).

3.1 Assumptions

Typically, the magnetic field lines are assumed fixed or ‘frozen’ relative to the core fluid motion
over short periods of time (i.e. years to decades). This is known as the frozen-flux assumption
(Alfvén, 1942). On large scales (> 1000km), the magnetic diffusion (due to Ohmic decay) can be
argued to operate on timescales on the order of 2 x 10° years, so can be ignored on timescales
from years to decades. There are shortcomings to this approach which are discussed, for example,
in Gubbins & and Kelly (1996) and Love (1999). Backus (1968) devised a test of the frozen flux
assumption but from examination of data from recent satellite missions, Holme & Olsen (2006)
have suggested that it may not be possible to conduct the test conclusively.

Further assumptions must be made to produce a tractable problem. In particular, in most cases,
the flow is truncated at a large spatial scale and a priori constraints are imposed, giving a regu-

larised solution via a damping (smoothing) parameter. Assumptions about the type of flow at the
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core-mantle boundary (CMB) are also required to reduce the inherent ambiguity. Examples in-
clude steady (Voorhies & Backus, 1985), toroidal-only (Whaler, 1980) or tangentially geostrophic
(Hills, 1979; Le Mouél, 1984) flows, or with a particular helicity (Amit & Olson, 2004). There
are limits to the fidelity of the inverted flow models compared to the actual flows that generate
the observed SV. A number of workers including Rau et al. (2000) and Amit et al. (2007) have
inverted artificial SV data generated from dynamo simulations to test how well flow inversion re-
covered the actual velocities and patterns. Their work suggests that it is possible to image correctly
only the large spatial scale parts of the flow. However, despite the numerous shortcomings of the
methods and data, consistent flow model solutions (using large scale assumptions) are achieved
from different datasets. In this sense, it may be possible to recover some aspects of the large scale

flow within the outer core.

3.2 One-Norm Iterative Inversion

The inversion of observed SV data for a core flow model is undertaken with the use of a spectral
spherical harmonic representation for the Main Field, SV, and the flow coefficients (Roberts &
Scott, 1965; Whaler, 2007). The flow model vector m can be expressed in terms of the poloidal
and toroidal scalars, s and ¢, constructed from a spherical harmonic representation in a spherical
polar coordinate system (r, 0, ¢) (Bloxham, 1989). To solve for m from the VO SV, a regularised
inversion approach imposing large scale assumptions is employed. The two-norm (for Gaussian

distributed uncertainties) form of the solution (Gubbins, 1983):

m=(A"E"'A+)\D) 'A"E'd 4)
where A is the matrix of normal equations, formed through the calculation of the Gaunt and El-
sasser matrices, whose elements are derived from the main field spherical harmonic coefficients
and the spatial derivatives of the input data positions (Whaler, 1986). E is the data covariance
matrix and d is the data vector. D is the regularisation matrix which can be used to incorporate a
priori constraints, imposing a ‘smoothness’ (forcing the solution to be large scale) on the flow. In-

cluding D into the formulation is equivalent to minimising a linear combination of the misfit norm

and an initially defined solution norm. A damping parameter, A, acts as to control the importance
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attached to the data versus the imposition of a smooth flow. Regularisation also ensures numerical
stability of the inversion and convergence of the expansion when the spherical harmonic series for
m is truncated.

This approach provides adequate results. However, Walker & Jackson (2000) provide the mo-
tivation to compute flow models using an iterative one-norm minimisation method instead, as it is
observed that the residual fit of the SV genertaed by flow models to the data is generally Laplacian
distributed. The residual differences from the previous iteration are used to form a diagonal matrix

R, whose elements are R;; = v/2/|e;

, where ¢, is the residual of the ¢th datum at the kth iteration.

R is re-calculated at each iteration. The iterative one-norm solution can be written as:
my1 = (ATETREA + \D) '(A"E"RE d) (5)

We apply the ‘strong norm’ of Bloxham (1988) as the a prioiri constraint in D. This min-
imises a global measure of the flow complexity (where u is the flow vector, V}, is the horizontal

divergence and [ is the degree of truncation of the flow in the inversion):

—ar 3 P DD S g2 4 () ©

In this case, D is diagonal with elements (I + 3)3/(2] + 1). A geostrophic flow constraint can
be applied as an additional physical constraint on the flow (Jackson, 1997). We have found that
the use of iterative one-norm method greatly improves the fit of the model to the data compared to
the two-norm, justifying the use of the Laplacian approach (Beggan & Whaler, 2008).

The CHAOS field model provides the main field coefficients for the Gaunt and Elsasser matri-
ces (A in Equation 5). The standard deviation of the residual misfit from the Huber Robust Least
Square estimate of data fit to the VO field in month(t — 6) and month(t 4 6) is used to form
the data covariance matrix. The residual errors for the first iteration of the one-norm solution are
obtained from an initial starting model calculated by a two-norm solution from the input data.

The final solution of the one-norm iterative algorithm typically converges within 15-20 iterations.
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We solve for flow coefficients up to degree and order [ = 14. The value of very small (< 10~%)
error residuals in the matrix R are set to 10~ to prevent the formation of ill-conditioned matrices,
as advocated by Walker & Jackson (2000). The damping parameter (\) was set to 10~ for all
solutions.
The resulting flow model is forward modelled to produce the predicted SV at each VO. The
residual at the ith VO is to (d; — > i A;jm;). Plotting the histogram of the residuals reveals how
well fit the predicted SV generated by the flow model is to input SV from the VO. A perfect fit of

the model to the data would produce a histogram with a single peak at zero.

4 BIASED RESIDUALS

Following the example of Mandea & Olsen (2006) and Olsen & Mandea (2007), we exploited all
the available CHAMP vector data from all local times over each month to generate the global set
of VO. Each cylindrical VO ‘bin’ (or tessera) contained a large number (250 to 10000) of points,
depending on the data availability per month and generally increasing as a function of higher lati-
tude (due to the polar orbit). Thus, the resulting monthly field model might reasonably be regarded
as a confident estimate of the true field. Using Equation (3) to calculate the SV, we inverted the
dataset to derive a flow model for each month. The residuals were expected to reveal a random
pattern of positive and negative errors across the globe, but surprisingly, the residuals revealed
biases, patterns and correlations between the X, Y and Z components. In general, histograms
of the residuals have a Laplacian distribution. However, the distribution of the residuals in each
component reveals more complex spatial patterns, with strong temporal variation.

Figure 1 shows examples of the instantaneous flow, associated residual histogram and residual
pattern for three separate months (from the equal latitude/longitude VO grid): Nov 2001, February
2003 and March 2005. In Figure 1 (a—c) the core flow models derived from the SV show large
differences in flow patterns, and are evidently influenced by a temporally-changing signal in addi-
tion to the internal SV. The typical Southern Indian ocean gyre is present in all models, however,

differences occur in the Northern hemisphere and under Western Eurasia. In Model B, a clockwise
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gyre is present while in Models A and C, flow is reversed. These month-to-month change in flow
are too large to be physically realistic.

The histograms of the residual fit of the SV generated by the flow model to the input data are
shown in (d-f). The plots reveal a deviation from the best-fit Laplacian distributions. An unbiased
dataset and flow inversion would be expected to produce an approximately zero-meaned distri-
bution of residuals. However, Model B has a significant negative skew with, arguably, a bimodal
distribution (i.e. second peak at —6n7"/yr). Model C has the smallest skew of the three histograms,
but has a larger non-zero mean than Model A, suggesting that some bias still exists.

The geographical distribution of the residuals in the X, Y and Z components are shown in
(g—1). Examination of the distribution in each component of the SV suggests that the X compo-
nent is consistently the noisiest, whilst the Z component tends to have the smallest residuals. The
residuals in the X component tend to be strongly biased — either positive or negative, while the Y’
and Z components have residuals with the opposite sign to X (ie. inversely correlated). In gen-
eral, the component biases balance to generate an approximately zero-mean Laplacian distribution
histogram. For some months, hemispherical biases are evident, and often longitudinal ‘bands’ or
‘stripes’ of larger (or alternating sign) residuals occur (e.g. the Y components of Figure 1 (g) and
(h)). If viewed as a time-series, the longitudinal stripes can be seen to ‘drift’ or rotate consistently
westward by approximately 30°/month, matching the satellite orbital drift.

Figure 2 shows examples of flow models from VO calculated using a grid of equal area
tesserae. The flow models in (a—c) are similar to Figure 1 indicating that the SV data from both
gridding approaches are equivalent. The fit of the flow models to the data is slightly poorer, in
these examples (compare the histograms (d—f) in Figures 1 and 2). The residual distribution (g—i)
shows that the X component is still the noisiest. The X residuals in Figure 2(h) reveal that the bias
is strongest in mid-latitudes, with opposite signed residuals in either hemisphere of the Z compo-
nent. The sectorial banding seen in the residual distributions (e.g. Figure l(g)X ) is less apparent.
The polar regions are less noisy, presumably due to fewer points in these regions. However, using

the equal area tesserae grid improves the residual fit in &~ 60% of the months, reduces the sectorial



Core Flow Modelling from ‘Virtual Observatories’ 11

e et o

v

(a) Flow Model A (b) Flow Model B (c) Flow Model C

Day = 682 Day =111 Day = 1872
1200 1200 1200
Residuals Residuals Residuals
— Laplace — Laplace — Laplace
———Gaussian ———Gaussian ———— Gausslan

00| 800/

8
3

600/

Frequency
3
g
Frequency
Frequency
3
S

8

g
8
8
8
-

10 20 30 -30 -20 -10 10 20 30 -30 -20 -10 10 20 30

o )
nTiyr nTiyr

(d) Histogram of Flow Model Residuals A (e) Histogram of Flow Model Residuals B (f) Histogram of Flow Model Residuals C

X Residuals X Residuals X Residuals

!‘-. - )".":_
Z Residuals

-

L
5.0 nTiyr

=

&
5.0 nTiyr

-

@
5.0nTHyr

(g) Residual Distribution A (h) Residual Distribution B (i) Residual Distribution C

Figure 1. Core-mantle boundary flow models, (a—c), histograms (d—f) and geographic distibution (g—i) of
the residual fit of each flow model to the SV generated from Virtual Observatory grid of equal latitude and
longitude spacing for all available vector measurements. Model A: November 2001; Model B: February
2003; Model C: March 2005. In (d—f), the Laplacian and Gaussian fit to the data are shown in the blue and
green curves respectively. In (g—i) circle size indicates residual size, with reference circle shown in bottom

right. Positive residuals in red, negative residuals in blue. Continents shown for reference.



12 C.D. Beggan, K.A. Whaler and S. Macmillan

(a) Flow Model A (b) Flow Model B (c) Flow Model C
Day = 682 Day = 1111 Day = 1872

1200 1200 1200

Residuals Residuals Residuals

— Laplace —— Laplace —— Laplace

——— Gausslan ——— Gausslan ——— Gausslan
1000 1000 1000
800 800 800
g_ 600 g_ 600 g_ 600
400 400 400
200 200 200

=30 -20 -10 0 10 20 30 —030 =20 -10 0 10 20 30 =30 -20 -10 0 10 20 30
nTiyr nTiyr nTiyr
(d) Histogram of Flow Model Residuals A (e) Histogram of Flow Model Residuals B (f) Histogram of Flow Model Residuals C
X Residuals X Residuals X Residuals

= LR Ju-at
Z Residuals

@ @

L

-

@
5.0nTHyr

o _
5.0 nTiyr 5.0 nTiyr

(g) Residual Distribution A (h) Residual Distribution B (i) Residual Distribution C

Figure 2. Core-mantle boundary flow models (a—c), histograms (d—f) and geographic distibution (g—i) of
the residual fit of each flow model to the SV generated from Virtual Observatory data grid of equal area
tessera for all available vector measurements. Model A: November 2001; Model B: February 2003; Model
C: March 2005. In (d—f), the Laplacian and Gaussian fit to the data are shown in the blue and green curves
respectively. In (g—i) circle size indicates residual size, with reference circle shown in bottom right. Positive

residuals in red, negative residuals in blue. Continents shown for reference.
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banding and skew of the histogram distribution, though the Z residual component is, in general,
noisier.

We wish to investigate if the residual bias results primarily from external or internal signals,
orbital drift or other effects. A second set of main field VO for the period May 2001 — December
2005 were calculated using local night-side only satellite data. The CHAMP vector data were win-
nowed to remove measurements outwith the local time window of 20.00-06.00hrs (polar summer
daylight conditions were ignored). The number of data in each cylindrical ‘bin’ (or tessera) was
smaller (again dependent on the data availability during the particular month and latitude). Each
month, approximately 5% of the VO did not have enough data to calculate a solution, so were
spatially interpolated to fill the grid. As before, the SV for each VO was calculated and inverted
for flow models for each month. We shall refer to this as VO Dataset 2, with the previous VO
model using data from all local times called Dataset 1. Comparison of residual histograms from
this dataset to those from Dataset 1 indicate that the fit of the flow model to the SV data has im-
proved slightly. As for Dataset 1, flows from the grid of equal latitude/longitude better fit the data
than those from the equal area tesserae grid. Figure 3 shows three examples of the geographic
residual patterns using the equally spaced latitude/longitude grid. The X,Y and Z components
are still strongly biased, with the longitudinal stripes particularly evident in Figure 3 (b). Note that
the residuals for these flow models are smaller than those for Dataset 1 (e.g. compare Figure 1(h)
and 3(b)).

To examine the effects of external field influence in the residual biases and orbital influence
in the sectorial banding, a dataset of selected quiet-time data from Thomson & Lesur (2007) was
used to generate a third VO dataset (referred to as Dataset 3). The selection consists of vector data
from both the CHAMP and Oersted satellites for the same time period (2001.4-2006), though due
to the rigorous noise criteria imposed has very few data points (approximately 85000) compared
to the previous CHAMP datasets. It was necessary to interpolate both spatially and temporally
where lack of data prevented the calculation of an acceptable VO point. With such strong selection
criteria, there should be little temporal correlation in the data. Comparisons do show that the SV

calculated from this dataset is reasonably consistent with the other two datasets. The SV was again
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Figure 3. Geographic distibution of the residual fit of each flow model to the SV generated from Virtual
Observatory grid of equal latitude and longitude spacing for night-side only vector measurements. Model
A: November 2001; Model B: February 2003; Model C: March 2005. Circle size indicates residual size,
with reference circle shown in bottom right. Positive residuals in red, negative residuals in blue. Positive
residuals in red, negative residuals in blue. Continents shown for reference.

inverted to produce instantaneous monthly flow models, similar to those from previous datasets.
Figure 4 shows examples of the resulting residual patterns. Few data were available for the end
of the dataset, which resulted in poorer fit to the flows in the latter months. There is no obvious
banding or strong bias in any of the components, suggesting that external noise may affect the
residuals.

As a test of orbital configuration influence (for the sectorial banding pattern, in particular), a
synthetic VO dataset was created using a simple satellite orbit simulator and the internal part of the
CHAOS field model. Two years of synthetic satellite measurements and positions were simulated
by combining the CHAOS model and the latitude, longitude and radius output from the satellite
simulation. The data were binned into 400km cylinders on a regular grid of latitude and longitude
to produce VO (similar to Figure 1) providing twelve months of SV values which were inverted

for core flow models. A number of simple but unrealistic noise scenarios were tested using the



Core Flow Modelling from ‘Virtual Observatories’ 15

X Residuals X Residuals X Residuals

R .
¥ w1 e T
sl b e ‘,_.-L_ -

Y Residuals Y Residuals Y Residuals

Z Residuals Z Residuals

= P = = - / P
SR N N\
g% ® 7 . y ‘g .
e @ ot niy P
. P }' A Y - /; ‘
- 5.0 nTiyr - 5.0 nTiyr

(a) Residual Distribution A (b) Residual Distribution B (c) Residual Distribution C

Figure 4. Geographic distribution of the residual fit of each flow model to the SV generated from Vir-
tual Observatory grid of equal latitude and longitude spacing for selected quiet-time vector measurements.
Model A: November 2001; Model B: February 2003; Model C: March 2005. Circle size indicates resid-
ual size, with reference circle shown in bottom right. Positive residuals in red, negative residuals in blue.

Continents shown for reference.

simulation. Both biased (e.g. positive only) and unbiased random Gaussian noise was added to
the CHAOS model in the polar regions and on the local dayside at low to mid latitudes, leaving
other regions noise-free. Differing noise levels (up to o < 10n7’) have little effect on the size
of the residuals and the pattern seen. Figure 5 shows residual distributions for three consecutive
months from the noise-free VO simulation. The residuals are seen to have persistent longitudinal
banding features which drift westward when viewed as a time series. This result demonstrates that
the combination of binning approach and orbital drift is at least partly responsible for the sectorial

banding of the residuals.
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Figure 5. Geographic distribution of the residual fit of three flow models to SV data simulated from the
CHAOS model and the CHAMP orbits generated from Virtual Observatory grid of equal latitude and lon-

gitude. Positive residuals in red, negative residuals in blue. Continents shown for reference.
S ANALYSIS

It is worth emphasising that, in this study, core flow modelling is being employed as a method
to study the consistency of the internal SV model, with the main aim being to understanding and
remove undesired effects. Analysis of the patterns in the residuals allows correction strategies to
be developed.

Previous studies employing direct inversion of SV data from ground based observatories have
not reported strong geographically biased vector components (e.g. Beggan & Whaler, 2008), so it
is of interest to attempt to identify potential influences for the component biases and patterns seen,
particularly the deviation from the implicit assumption of zero-meaned noise. There are several
suggested causes for the strong biases seen in Dataset 1 and Dataset 2. These include effects
from (a) fields external to the satellite orbit, (b) fields internal to the satellite orbit, (¢) the orbital

configuration of the satellite and (d) the method of binning and preparing the SV datasets.
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Figure 6. Twelve month difference of mean monthly Dst Index versus the mean bias in the X component
of Dataset 1 for the equal area tesserae VO grid and the equally-spaced latitude/longitude VO grid. (Note:
The biases have been multiplied by 10 to better illustrate the correlation). The correlation is 0.672 and 0.663

respectively (both with a p value of ~ 10~7).

5.1 External Field Influences

External effects at satellite altitude come from a large number of phenomena including field
aligned currents and ring currents. The Dst index measures magnetic disturbance from external
fields, primarily due to ring current activity (Campbell, 2003). Comparison between a nominal
average monthly Dst value for 2001-2006 and the mean residual bias in the X component of
Dataset 1 revealed no obvious correlation. However, as the SV is calculated using data measured
twelve months apart, the correct manner of comparison is to compute the difference between the
mean monthy Dst values for month(t — 6) and month(t + 6). Figure 6 shows a strong correlation
between the annual difference in mean monthly Dst value and the mean bias in the X component
regardless of which gridding method was used. (As the actual flow model residuals are approxi-
mately zero-mean, the Y and Z component residuals are generally inversely correlated to those
of the X component). The correlation is 0.673 for the equal area tesserae grid and 0.663 for the
equally spaced latitude/longitude grid (both with a p value of ~ 1077, indicating the correlation
1s significant at greater than the 95% level). The significant correlation between the change in Dst

and the two residual means suggests that the residuals contain external field signals.
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5.2 Internal Field Influences

Magnetic fields internal to the satellite orbit (in addition to the main and crustal field) can arise
from ionospheric currents and auroral/equatorial electrojets, particularly on the sunlit-side of each
orbit — increasing globally during solar-disturbed periods. The additional fields would break the
assumption of a Laplace potential field in the region surrounding the satellite as measurements are
taken.

Examination of the smaller residuals from Dataset 2 (derived from night-side only measure-
ments) compared to Dataset 1 (derived from all-local time measurements) suggests that there is
some influence from day-side fields (e.g. Figure 1(g-i) and Figure 3). It was also found, for ex-
ample, that widening the window of local night-side measurements used from 20.00 — 06.00hrs
to 18.00 — 08.00hrs slightly increased the size of the residuals, suggesting that day-side measure-

ments are affected by fields present on the sunlit side of the orbit.

5.3 Influence from the VO method

The method by which each VO is generated through binning and fitting a local potential field to
produce an average field meaurement over a month is also responsible for some of the residual
patterns observed. As the cylindrical bin size (in the latitude/longitude grid) is limited in radius
(400km), several effects may arise, including data measurements common to several VO bins (at
higher latitudes) and data position bias in any particular month (though this should be removed by
the Robust Least-Squares solution). SV calculated using the equal area tesserae grid reduces these
effects with the fit of the flows being, on average, better than the those using the evenly-spaced
latitude/longitude grid.

The satellite nadir local-time difference also has an effect. As the CHAMP satellite drifts
approximately 2.5 hours per month in local time, measurements taken at dawn-dusk configurations
are subject to a different ionospheric magnetic field environment to those acquired during local
noon-midnight configurations. However, comparison of the mean bias of the X component with
the mean dayside local time did not reveal any significant correlation. The difference of the median

local satellite time (at mid-latitudes) between month(t+6) and month(t—6) is approximately 3.5
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hours. Satellite measurements taken at different local times are not sampling the same magnetic
field conditions.

The VO dataset created from selected quiet-time Oersted and CHAMP measurements (Dataset
3) has been interpolated from a relatively small number of satellite data points both spatially
and temporally. Hence, spatial correlation between measurements is not as strong (though some
correlation will exist due to interpolation). The associated residual patterns, shown in Figure 4, do
not have any of the features seen in those from Datasets 1 and 2, although the correlation with the
change in the Dst index is 0.49 (p = 10~%), which suggests that there is some still influence from
external fields.

The satellite simulation dataset displays longitudinal banding which, as noted earlier, drifts
westward over time. As this dataset is from an essentially ‘noise-free’ simulation using the CHAOS
model, it is suggests that the binning method applied to generate VO grid and subsequent SV from

the satellite data must be partly responsible for the sectorial banding observed.

6 CORRECTION STRATEGIES

Having identified some possible contamination of the VO SV data that might be responsible for
the observed biased residuals, we investigate several strategies to reduce these effects. The aim is
to produce datasets of purely internal SV which are temporally consistent and spatially un-biased.
However, we must at least ensure that there is minimal ‘aliasing” of undesirable effects into the SV
models. These would manifest as unrealistic secular acceleration within the flow models. Olsen &
Mandea (2008) have indicated that rapid changing flows may occur within the core, but note in the
Supplementary Information for their paper that these variations may in part be due to unmodelled
external (ionospheric and magnetospheric) sources. They also clearly demonstrate in a previous
study (Olsen & Mandea, 2007, Figure 6) that the first differences of the external and toroidal
field Gauss coefficients (e.g. dq}/dt and dt{/dt) are up to an order of magnitude larger than the

coefficients for the internal SV.
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Dataset 1 (Equal Lat-Lon) Dataset 1 (Equal Area) Dataset 2 (Equal Lat-Lon) Dat:

No correction 0.66 0.67 0.63
CM4 correction 0.41 0.42 0.10

Table 1. Correlation between the mean bias of the X component of the residuals for each Dataset and the

annual Dst difference.

6.1 Removal of fields using the Comprehensive Model

Modelling and removal of external, toroidal and induced magnetic fields at satellite is complex.
These magnetic field have not been fully parameterised, nor can they be completely removed
(Thomson & Lesur, 2007). However, models of the external and major contributory magnetic
fields can be used to correct measured satellite data.

In this study, the Comprehensive Model (CM4) from Sabaka et al. (2004) was used to remove
external and ionospheric fields from the CHAMP satellite data using the hourly Dst Index and
the monthly F10.7 index. The sum of the primary and secondary magnetospheric and ionospheric
fields and the toroidal field were subtracted from the individual CHAMP measurements before
binning and solving for VO. The resulting residuals from the flow models showed mixed results
compared to those observed in Dataset 1, but did not, on average, produce a better fit (using the
sum of the absolute values of the residual) than Dataset 2. However, this correction does reduce the
correlation between the residual bias and the annual Dst difference. Table 1 shows the correlations
between the annual Dst difference and the four VO datasets and two binning methods.

This approach has the largest effect for Dataset 2, where selected ‘night-side’ data are used.
However, correcting using CM4 does not improve the fit of the flow to the data, as the size of the
residuals remain approximately equal (for an equivalent the solution norm). Figure 7 illustrates
the relative fit of the flow models to the data using the sum of the absolute values of the residuals
(using the Equal Area tesserae binning method). Dataset 2 without CM4 correction consistently
provides the best fit to the data, though for some months (particularly towards the end of the data
set), the CM4 corrected datasets are better. Individual comparison of the flow models between
the CM4 corrected and uncorrected datasets show stong similarities. It would appear that CM4

removes the external part of the field correctly, but introduces other unwanted signal.
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Figure 7. Comparison of the sum of absolute value of the residuals for Datasets 1 and 2 (grid of equal
latitude/longitude) when data correction with CM4 is applied. Note the solution norms are approximately

similar.

6.2 Smoothing using Steady Flow or B-Splines

Alternative approaches to applying a correction to the satellite data are (a) to calculate steady flows
over the specified period, averaging out the changing monthly flows or (b) fit a series of B-splines
to the flow coefficients.

Steady flows calculated over the entire dataset period using Datasets 1 and 2, are very consis-

tent, as indicated by their correlation coefficient, which can be expressed as

: I
2041 > (sTisTs + titTs)
m=

l7VL(ll' l l7YL(ll' l
I(l+1 I(l+1
\/ S D S (spr2 4 an2) Y WD S (52 g gm)
=1 m=0 =1 m=0

where [ is the degree, m is the order of the flow coefficients of the spherical harmonic expansion of
the toroidal and poloidal scalars ¢ and s; [, 1S the maximum degree of the flow solution. Flows
models that are similar have a correlation coefficient close to 1. Table 2 shows the correlation
coefficients of the various steady flows generated by Datasets 1 and 2 with and without CM4
correction. The values are remarkably consistent (for equivalent solution norms), suggesting that
steady flows are removing the finer scale temporal features, producing a smoother flow solution.

Note, the monthly residuals to the steady flows reveal patterns similar to those from Dataset 1,
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A B C D
A: Dataset 1: No correction 1 0.91 0.97 0.92
B: Dataset 1: CM4 correction 1 0.91 0.91
C: Dataset 2: No correction 1 0.93
D: Dataset 2: CM4 correction 1

Table 2. Correlation matrix of steady flow coefficients for Datasets 1 and 2 generated from 44 months of

SV data.

confirming that particular flow model assumptions are not directly related to or the cause of the
residual patterns.

In comparison, fitting the flow coefficients with cubic B-splines can be used to examine tempo-
ral changes in the flow. The splines indicate that much of the temporal variation tends to be small.
Use of B-splines to fit the flow coefficients would allow the flow velocity to vary slightly over the
period in question. By altering the tension within the spline, the amount of SV and secular acceler-
ation can be adjusted. Spline fitting does not assume any particular form for the variation. Exper-
iments indicate that spline coefficients can capture the slowly varying temporal signal, smoothing
out the rapid monthly changes. This allows some secular acceleration to be parameterised through

the B-splines.

6.3 Spherical Harmonic Analysis of the VO datasets

Applying spherical harmonic analysis to a VO field model will separate it into its internal, external
and toroidal parts (Merrill et al., 1996). The internal part of the field should be free of external
and toroidal signals. As expected the external part of the field was the most strongly correlated
to the annual Dst difference. The SV of each part was calculated and inverted for a flow model.
The internal flow models still retained rapid temporal variation, suggesting the some effect re-
mained from the binning and differing sampling conditions. The flow models from the toroidal
and external parts of the field represent approximately 3.5% and 0.5% of the power respectively.
The external flow model residuals are similar to those observed in Datasets 1 and 2. Examination

of the residuals from the internal part show they are more randomly distributed than those from
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Dataset Internal External Toroidal
Dataset 1: No correction 0.12 (0.42) 0.64 (3e-6) 0.02 (0.91)
Dataset 1: CM4 correction -0.11 (0.47) 0.38 (0.01) -0.01 (0.53)
Dataset 2: No correction 0.01 (0.7) 0.61 (1e-5) 0.12 (0.43)
Dataset 2: CM4 correction 0.04 (0.77) 0.05 (0.74) 0.23 (0.14)

Table 3. Correlation between the mean bias of the X component of the residuals for the Internal, External
and Toriodal parts of Datasets 1 & 2 and the annual Dst difference. Confidence (p-value) show in brackets.
Datasets 1 and 2, confirming that the external part of the field contains much of the external signal.
However, there is still a time varying component in the flow models, suggesting that some external
signal remains. This supports the assertion of Olsen & Mandea (2008) that isolating the internal
SV is difficult to achieve. Table 3 shows the correlation of the mean value of the X component of

the internal, external and toroidal parts of the SV with the Dst Index.

7 CONCLUSION

The results from this study suggest that some non-zero-mean signal remains in the VO. The biased
geographic distribution of the residuals and the temporally changing direction of both the flows and
the residuals in Figures 1 and 3 support this argument. When viewed in sequence, the flow models
generated from the CHAMP vector data (Dataset 1) show rapid variation in direction, strength and
structure from month to month. The geographic distribution of the residuals also show continuous
variation in component bias (from positive to negative), hemispherical bias, sectorial pattern and
magnitude of bias.

There is a small improvement in the fit of the flows to the data when the night-side only vector
data are used to create a VO dataset (Dataset 2). A similiar improvement can be seen when each
satellite datum is corrected using a CM4 model to remove expected external and internal (to the
satellite) fields prior to binning. This points to ionospheric and day-side current systems as another
source for contamination. In contrast, the weak residuals from the selected quiet-time Oersted-

CHAMP data (Dataset 3) indicates that contamination of the VO data is much less, though still
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present indicating signals external to the satellite orbit may be one source of such contamination
(for our purposes).

Another potential source of non-zero mean error is the method of generating the VO dataset.
The CHAMP satellite precesses approximately 2.5 hours per month in local time. As the data used
to generate the VO are not from all local times, but rather a small subset of day/night local times,
this has the effect of not averaging out diurnal effects. For example, in a month where the local
time is noon on the day side and midnight on the night side, a significant bias must be present
due to currents internal to the satellite orbit. As noted in Equation (3) to calculate the annual
SV for a particular month the VO value for six months prior is subtracted from the VO value
six months ahead. Typically, the difference in the satellite nadir local times 12 months apart is
between 3-5 hours. For example, a VO with a predominantly noon local time subtracted from a
VO with predominantly morning local time will sense different ionospheric-related fields. A grid
with equal latitude/longitude spacing, where bins overlap near the poles and have gaps between
them at the low latitudes, rather than equal area tessera was found to accentuate certain patterns,
such as sectorial banding and predominance of large residuals at the polar regions. The results
from the synthetic dataset support this conclusion.

Correction of the satellite data for fields external to the Earth prior to solving for each VO
did produce a slight improvement in the fit of the flow models to the data but was inconsistent,
with some months being better and others worse than non-corrected data. It is not clear why this
happens, but suggests despite best effects to paramterise and remove external fields, some small
part remains in the monthly internal SV models.

Steady flow models generated from the entire set of SV data of 44 months produce very con-
sistent flow regimes, while B-spline fit to the flow coefficients can also smooth the variation from
month to month. Examination of the internal, external and toroidal parts of the field partitioned
most of the influence from external sources into the external part of the field, as expected. How-
ever, the internal component still retained a temporally varying signal, most likely related to some
unmodelled external source and, perhaps, the binning approach adopted.

In conclusion, signals from a number of sources have been identified in the field models de-
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rived from employing the VO method. Some of the effects from these sources can be removed
or ameliorated, through the selective use of data, external field modelling and alternative binning
approach. However, additional smoothing in the form of steady flow or B-spline fitting is required
to produce realistic secular variation and flow modelling. Using the equal-area tessera gridding
method, with local night side only data selection (as in Dataset 2), best isolates the internal SV
and reduces the influence from other sources. However, we must still argue that rapidly changing

flows appear to derive from unmodelled sources external to main field SV.
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