Chapter 5
The Local Modelling of the Gravity Field
by Collocation

5.1 Outline of the Chapter

The chapter aims at solving the problem of estimating the residual anomalous
potential 7, from all available information, in particular in a certain area. Remember
that here residual means that the long wavelength part as well as the short
wavelength part of 7" have been at least reduced by means of the deterministic
modelling described in Chaps. 3 and 4.

These models are then applied to data (remove step); from reduced observations
we need to find 7, and then the models are added back to this (restore step).

Since the residual part of the potential is small (one has in terms of anomalous

height O (%) =~ 2m), the application of spherical approximation is justified.

This notwithstanding such an approximation remains the harsh limitation of the
theory presented in this chapter. This point is explained in Sect. 5.2.

The theory, known in geodesy as collocation theory, is introduced here as an
optimization problem where a suitable mean square error has to be minimized in
a class of estimators invariant under a certain transformation group, acting on the
set £2 where the unknown function is defined. Although not so much relevant in
geodesy, the case of the circle is on the same time so simple to understand and so
complete from the theoretical point of view, that it has been worthwhile to devote
Sect.5.3 toit.

In Sect.5.4 the same case is treated for the sphere, with the invariance group
being that of rotations in R*. The big theoretical advantage of this approach is
that not only the estimation coefficients result as an application of the optimality
principle, but also the definition of the covariance function springs out of it in a
natural way.

In Sect. 5.4 it is also shown that the formalism set up in the previous paragraphs
can be given a stochastic interpretation, to the effect that now 7 is considered as a
random function, obtained by randomly rotating the true 7". The formalism is then
extended in Sect. 5.5 to the general case, in which we have whatever N observations,
corresponding to admissible linear functionals, and we want to predict any other
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admissible linear functional of 7'. In particular, if we assume, invoking the Runge—
Krarup theorem, that T is a function harmonic down to a Bjerhammar sphere, any
rotated version of 7" will continue to be harmonic in the same domain, and the
principle above devised, applies.

Since a function harmonic in the exterior of a sphere has a natural representation
in terms of spherical harmonics, its coefficients will become random variables,
when the field 7 they represent is random too. The properties of such {7}, } as
well as their relation to the covariance function of 7', are examined in Sect. 5.6. In
Sect. 5.7 the item of a local modelling of the covariance function is analyzed and
several examples are presented, including those most widely applied in practical
computations.

The local computation of a (residual) quasi-geoid from (residual) gravity anoma-
lies is then presented as an example of the so-called least squares collocation theory.

Finally, in Sect.5.9 the optimal combination of a global model, for instance
derived from satellite observations, and local data to produce the best local
prediction of the geoid, is explicitly solved; a case this that is becoming increasingly
important in these years.

5.2 An Introduction to the Problem

Following the developments of Chaps.3 and 4 we could say that our anomalous
gravity potential 7" has been approximated in the long wavelengths range by a global
model T), and in the very short wavelengths range by the residual terrain correction
model Tgc, so that a residual anomalous potential

T, =T —Ty — Tre (5.1)

has now to be estimated.
This has to be done by using the residual observations, which in linearized form
are written as
yi = Li(T;) +v; (5.2)
=Li(T)+vi—Li(Ty)— Li(Trc)
=Y, —Li(Ty)— Li(Trc).
where Y; are the original observations, y; the observations reduced by the effects of
Ty and Tgc, v; is the observational error. Typical for (5.2), but not the only case

considered in the book, is the observation of free air gravity anomalies, for which
the relation holds

(5.3)
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Fig. 5.1 The spherical
approximation mapping of
the interpolation problem: P;
measurement points, /;
heights over £ and Sg

In order to avoid a heavy notation, while developing our methodological
apparatus we shall simply put

u(P) = T,(P). (5.4

So, due to all our reductions, u(P) is a harmonic field which, in an ideal case,
we expect to be harmonic down to the ellipsoid because the signal caused by the
large and smooth density anomalies should be accounted for by 7, and the high
frequency signal due to the residual terrain height should be subtracted by means of
Trc. Then we could reasonably think of our problem as the one of interpolating the
observations (5.2) with a function harmonic down to &.

Since we are approximating the last couple of meters in terms of height anomaly
¢ = y~'u = y~'T, we shall accept a spherical approximation set up, for the
approximation procedure, in the sense that we map & to a mean sphere Sk of radius
R and we reason with functions harmonic down to Sg (see Fig. 5.1).

Therefore our problem now is to find a function % harmonic down to Sg, such
that y; — L; (4) be small, in the sense of the order of magnitude of v; (i.e. of gy,),
and as close as possible to u.

It is clear in fact that, as the number of observation points, N, can be very large,
but in any event always finite, in principle we can always find many harmonic
fields w which in fact interpolate perfectly the data, L;() = y;, as shown very
schematically in Fig. 5.2, where the observation points P; are taken directly on Sg
and L; (u) = u(P;) is represented in terms of geoid, y ~'u(P;).

Generally speaking, since in nature masses will tend to find a minimum energy
configuration (compatibly with the endogenous forces generated by geological
processes) and energy is in any way a quadratic positive functional of u(P) which
is smaller the smoother is the field, we would prefer an interpolator as smooth as
possible, among those that reproduce the data. Even more, if a noise v is part of our
model, we would accept that L; () will depart form y;, with residuals of the order
of 0,,, and on the same time u to be as smooth as possible.

If a smoothness index is taken in terms of a square norm, we are led to the
Tikhonov principle which is illustrated and worked out in Part III, Chap. 12. Yet,
as one can see in this chapter, the solution does depend quite essentially on the
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Fig. 5.2 Two different exact

interpolations of @ =N,

by two different fields (P)

specific norm chosen to measure the smoothness of 7, when the norm is represented
by a suitable reproducing kernel K(P, Q).

In other words, we have a so-called norm choice problem which is absolutely
unsolvable on a pure analytical ground. So we shall follow here a different approach
which, as we will see, will lead basically to the same solution as that of Sect. 12.4 of
Part III but with a precise choice for the reproducing kernel. This solution is based
on the choice of an invariant estimator and minimum mean square prediction error,
and on its stochastic interpretation.

Notice that in principle we expect u(P) to be harmonic down to &, then approx-
imated by Sg. Yet such condition will never be precisely satisfied; nevertheless by
choosing an interpolator u which is authentically harmonic down to Sg we don’t
prevent ourselves to approximate as closely as we like the true u(P), because of
Runge—Krarup theorem (see Sect. 3.5).

In fact, as proved in Part III, Chap. 13, the restrictions of functions % harmonic in
2r = (r = R) to the set £2, of points exterior to the earth surface S,, are dense in
any reasonable Hilbert space to which we can think that u(P) belongs, for instance
in HL?(S,), namely the functions harmonic in £2, and square integrable on S,. So,
from now on, we shall ignore the problem of the masses between S, and Sy not
perfectly modelled.

5.3 The Principle of Minimum Square Invariant Prediction
Error by a Simple Example

In order to select a particular satisfactory solution to our interpolation problem,
we have first to define an index expressing analytically our degree of satisfaction, or,
if you like, of dissatisfaction, and then to maximize such an index in the former case,
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Fig. 5.3 The set up of the AY
interpolation problem on the P,
circle
Ps
€
Py

or, on the contrary, to minimize it in the latter case. This is a problem of optimization
theory, where the choice of the target function is always the first fundamental step
(see for instance Vapnik 1982, Chap. 2). We choose to minimize a quadratic function
of the prediction error, averaged in some suitable sense.

In order to set up our criterion we prefer to start with a simple example where
our choice will become very transparent.

Example 1. Assume you have a field u(P) where P € C, a unit circle, so that P
can be uniquely identified by a unit vector rp or by the angle ¥ of rp with respect
to the x axis (see Fig.5.3).

To make things easier we shall assume from the beginning that u(P) has zero
mean on C, i.e. that

2 2
/ u(P)d9 = / u(®)dd = 0. (5.5)
0 0

Now assume you have observed the values of u(P) at some points P;
Vi :u(P,-), i = 1,2,...,N (56)

without any error, and you want to predict u(P) at some other point P. As we see,
we have a pure interpolation problem on C.

We note first of all that a predictor will be in general a function of the
observations {y;} of the points {P;} where the observations are taken and of the
prediction point P, in such a way that we are able to compute it when we know {y; }
and we fix P;

u(P)=F(P,Py.....PN:y1..... IN). (5.7

Since reasoning in a general class of predictors { F'} is too complicated we shall
restrict ourselves to the much simpler class of linear predictors, namely

N N
U(P) = F(P.Pi... . Pyiyie.ccoyw) = D diyi = ) _hu(P).  (5.8)

i=1 i=1
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Fig. 5.4 A configuration P'
(P, Pl,PQ,P3,P4) and its Py
version (P’, P|, Py, P}, P}) P
rotated by

P,

P,

We observe that (5.8) is a homogeneous linear predictor, i.e. there is not a con-
stant Ao in the formula; the reason is that, when we observe y; =y, = ... yy =0
we prefer the prediction of u(P) to be zero too, i.e. its mean value on the circle,
according to the hypothesis (5.5).

We notice also that, in (5.8), A; in general will be functions of P, P; ... Py but
not of {y;}, i.e.

AiZki(P,Pl,...,PN)ZA.,'(Z?,Z%,...,I?N). (59)
Whatever {1, } we choose, the corresponding prediction error is

e(P,Py,....Py) = u(P) —(P) (5.10)

N
=u(P)— ZA,M(P,-).

i=1

If we don’t have any particular further information on u(P) (for instance that in
some regions of C, u(P) is smoother or rougher) it is reasonable to further restrict
our class of predictors by requiring that A; be invariant under rotation. Namely, take
two configuration, {P, Py,..., Py} and {P’, P/, ..., P} } obtained one from the
other by a rotation w of the circle (see Fig. 5.4);

We claim that if in the first case we have decided that {A,A,,..., AN} are
good coefficients for our prediction job, then the same coefficients should work for
{P’,P|,..., P}} because if (yi,...,yy) are observed at (Py,..., Py) and u(P)
is our prediction, then in case we observe again (yi,...,yy) at (P|,..., Py) we
want to make the same prediction at P’.

This is translated into analytical terms as follows: let R, be a rotation operator
acting according to the law

R,F(P,Pi,....,Px) =R, F(¥,0,,...,0n) (5.11)
— F(P'.Pl.....P}) = F&'.0.....8%)
=F0+owd+o,...,0+o)

where F' is any function of (P, Py, ..., Py); then our invariance constraint is

Yo, F@,0,....0v)=F0 +w 0 +o,...,0 +w) (5.12)
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A function F satisfying (5.12) must have a particular form, namely
F@,0,....0y) =G — 3, —0,..., 08 — D); (5.13)

this derives from (5.12) by choosing v = —6.
So we agree that our prediction coefficients must satisfy (5.11) and (5.13).
Accordingly if we apply R,, to e (cf. (5.10)), we get

N
Rye(P.Py..... Py) = Rou(P) — > AiR,u(P;) (5.14)

i=1
N
=u® + ) — Y _u@i + ),
i=1

where A; are left unchanged by R,, because of our invariance hypothesis.
Now observe that due to the very definition of R, the identity holds

R, {F*(P,Pi,...,Py)} ={R,F(P,P;...Py)}%. (5.15)
Next we define the mean invariant quadratic prediction error' as
1 2
EXP,Py,...,Py) = > dwR,{e*(P, Py,..., Py)}. (5.16)
T Jo

The adjective invariant is used for & because it is indeed a rotation invariant
function of (P, Py, ..., Py). In fact, (exploiting also (5.15)),

vn, R,EX(P,Pi,...,Py)=ER,P,R,P,....,R,Py) (5.17)
1 2

=5 ) doR,{e*(R,P,R,Py,...,R,Py}
1 2

=3 ), doR,R,{e*(P, Py, ..., Py}
1 2

=3 ). doR,y1y{e*(P, Py, ..., Py}

=&X(P,Py,..., Py},

since integrating in dw from 0 to 27 is one and the same thing as integrating from
nton+2m.

'In this chapter we will use & for the mean quadratic prediction error; confusion should not be
made with the same symbol & used elsewhere to denote the ellipsoid.
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With the help of (5.14) and (5.15) we can indeed perform an explicit computation
of &, giving

1 2 N 1 2
= — ? =2) Aim— i
&= i dou* (9 + o) ; ), dou(® + 0)u(d; + )
N 1 2
+ Z A,-Ak—/ dou(¥; + o)u( + w) (5.18)
idk=1 2 Jo

It is noteworthy that by introducing the two points function
1 2
Cv¥)= 2—/ dou(® + o)u(® + ) (5.19)
T Jo

we come to express & in a concise form as

N N
E=C0.9)-2) LCB.9)+ > AirC(i. %) (5.20)

i=1 ik=1
A particularly important remark is that

1 2
CWO+nd +n= 3 dou(® + n+ o)u(@® +n+ w) = C@, )
0

for the same reason used in the proof of (5.17). Therefore C (&, ¢') is also invariant
under rotation, namely, with a small abuse of notation,

C@,9) = Cw—v). (5.21)

The function C(&+ — ') is called a rotation invariant covariance function. In
particular it is called a covariance function because it has the typical properties of a
covariance; it is symmetric and positive definite.

Such properties are immediately derived from (5.19), but we shall come back to
the item at the end of the section.

Minimizing & with respect to {A;} is straightforward and gives the following
result: put

C ={CWi =)}
i.k=1....N

Cy ={C( - D)}

(5.22)
i=1,....N

A=A}
i=1,...,N

then

A =C'Cy. (5.23)
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It is interesting to observe that since both the vector Cy and the matrix C are
rotationally invariant, then so is A too, as it was required form the beginning.

We make a fundamental remark on our solution. Remember that by definition
a random field on C (see for instance Rozanov 1982) is a function {v(P,w)},
with P € C and w € §2 and with a probability distribution on £2, satisfying some
measurability hypotheses, so that V{P;, P,,..., Py} we know the probability
distribution of the N -vector v/ (w) = [v(P;, ®), ..., v(Py,®)]. Remember also that
mean and covariance of {v(P, w)} are defined as

w(P) = E{p(P,w)} = /QV(P, w)dP(w) (5.24)
C(P,P') = E{[v(P,w) — w(P)]v(P", w) — n(P")} (5.25)
= /QV(P, o)V(P', w)dP(w) — w(P)u(P’).

Here, as in the rest of the section, it occurs sometimes that the same symbol P
is used to mean a point in space and a probability distribution, in which case it is
. . . -
always P(w); moreover in this context §2 is an abstract set and not B .
Now let us go back to our field u(P) = u(?}), with u(?) a periodic function, and
define a random field {v(J, w)} as

v(¥, w) = Ryu(P) = u(¥ + w) (5.26)

with @ uniformly distributed on C, i.e.

2 =10,2n], dP(w) = 621—: (5.27)

By applying (5.24) and (5.25) with (5.27), we see that w(P) =0 and that
C(P, P’) is exactly the same covariance that we already defined in (5.19). Moreover
if we construct a linear predictor of v(P, w) by

N
WP w) =Y Aiv(P;.0) (5.28)
i=1
and we compute the prediction error
e(P,w) = v(P,w) —V(P,w),
we end up with the following expression for its variance
o*le(P,w)] = E{e*(P,w)} (5.29)
N N
= C(P.P)—2) C(P.P)Ai + > AiAcC(P;. Py)
i=1 ik=1

= &X(P, Py,..., Py).
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Indeed minimizing (5.9) with respect to {A;} is the same problem as minimizing
(5.20) and therefore it has the same solution.

This settles the first corner stone of a quite general theorem of equivalence of
different approaches, all producing the same type of linear predictors, so that each
approach contributes to the theoretical and practical understanding of the collocation
theory developed in the next sections.

5.4 On Collocation Theory, or the Wiener-Kolmogorov
Principle Applied in Physical Geodesy

We want to generalize the example of the previous section, switching from the
circle C to the sphere Sk, from the rotation R, on C to a 3D rotation R,, where
® now becomes a triple of angles (for instance Euler angles), so as to apply
the minimization of a suitably defined invariant quadratic error, or equivalently a
minimum prediction error variance principle, to our field u(P) = 7,(P), harmonic
outside Sg.

This discussion parallels a similar discussion, already dating back to 1940/1950,
among scientists working in signal analysis and stochastic processes theory. In that
framework N. Wiener was more stressing the point of view of the invariant estima-
tors, while A. Kolmogorov was more in favour of the pure stochastic interpretation.
It is for this reason that we like to label our application in physical geodesy of such
a principle after the names of both great scientists.

The method, known in Geodesy as collocation, was developed in 1960-1970 by
Moritz and Krarup (see Moritz 1980; Krarup 2006, Chap. 4), again one stressing the
stochastic, the other the deterministic interpretation. Here we like to follow more
the already mentioned point of view of proving the possibility of interpreting in
different ways equivalent results, thus giving a clearer perspective to their practical

implementation.
The first item we need to settle is to find an analogous of the uniform mean over
rotated configurations of N points { Py, ..., Py}.

Without going into more difficult mathematical arguments on group theory, for
which we refer to literature Moritz (1980) and Sanso and Venuti (2002a), we simply
aim at giving a definition, proving that this provides a result with the required
properties.

We start by defining the action of the rotation operator R,, as

R,F(Py,....,Py) = F(R,Pi....,R,Py) (5.30)

and we ask ourselves how an invariant F should be made 2

20ften in group theory the inverse rotation matrix R is used; since this is irrelevant in the present
text and this is not useful, we stick to definition (5.30).
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Fig. 5.5 The characterization
of a rotation R, through the
rigid motion of the arc

P Q over a sphere,
(P'=R,P. Q" =R,0)

Since under R,, the polyhedron {P), ..., Py} is rigidly moved to another one
{P|,..., Py}, leaving the origin of R? fixed, we see that the following conditions
are satisfied

rPl_/ = rpl.; wPi/Pj{ = WPI.Pj, (531)

where we have denoted as usual with ¥po the angle between rp and rp. It is easy
to see that (5.31) is not only necessary but also sufficient for a rigid motion of

(P1, ..., Py) in the three-dimensional space, with the origin fixed in O. Therefore
F(P,..., Py) will be invariant under rotation if
F(Pl,...,PN) = F(...rp,. ey ...I//Pl.pj ) (5.32)

Next we note that in order to characterize a 3D rotation we need only to show
how it acts on two points P, Q placed on a sphere.

Namely there is one and only one rotation sending PQ to P’Q’ on condition
that Ypror = Ypp (see Fig.5.5)and rp =rgp = rpr = rgr.

Since all what we shall really use in the sequel is the average of a two-points
function, we concentrate on that, knowing that in any way the definition can be
generalized to N points, in case of need. So let F(P, Q) be any regular function of
two points defined e.g. on the unit sphere; we put by definition

E{R,[F (P, Q)]} (5.33)

- / dP(@)RoF(P, Q)

= A/dap// F(P/,Q/)d()éQ/,
Vpror=vro

where P’ sweeps the whole unit sphere, while, for each fixed P’, Q’ runs on a
circle of spherical radius v/ pp, occupying all the points of different azimuth o. The
variable « ranges from 0 to 27 (see Fig.5.6).
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Fig. 5.6 Representation of
the integration variable of
(5.33): O is the center

of S, P”, Q" are in space,
while P/, Q' are their
projection on S

As it obvious at the end the function (5.33) will depend on P, Q only through
Ypo, i.e. it will be invariant. Even if the points P, Q were outside the unit sphere,
it is clear that (5.33) would depend in the end only on rp» = rp,rgor = rg and
Ypo (see Fig.5.6). So we can say that in general

E{R,[F(P,Q)]} = Cr(rp.rg.Vpo). (5.34)

i.e. it is a rotation invariant function. As for the normalization constant A appearing
in (5.33), this is determined by considering that d P(w) has to be a (uniform)
probability distribution, so that one must have

2w
E{l} = A/dap/ dagr = A-87% =1,
0
implying
A=—. (5.35)

Now we can repeat the same reasoning as in Sect. 5.3. Namely if the observations
y; arejustu(P;), i = 1...N, we define a linear invariant predictor

N
u(P) =) Aiu(P), (5.36)
i=l
with A; such that

RoAi = A4,
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and an invariant quadratic prediction error

& = Eo{Ro[u(P) —u(P)I’} (5.37)
N N
=C(P.P)=2) MC(P.P)+ Y MiMC(P;, Pr)
i=1 ik=1

where we have put

C(P.0) = E{R, (PO} = / dop / dagu(PYu(Q). (538)

Vpro/=vpro

also called the covariance function u( P). Just as in (5.23), the minimum of (5.37) is
achieved by

N
Aj=YC"C(P. P) (5.39)
k=1

and the corresponding value of & is

N
En = C(P,P) = Y C(P,P)CVC(P;, P). (5.40)

ij=1

In (5.39) and (5.40) we have used the short notation C l.(k_ D , to mean the element
(i, k) of the matrix C ™!, inverse of C = {C(P;, P})}.

Let us note that again the possibility of using a predictor like (5.39) depends
on the availability of the covariance function of u, (5.38); for the moment we just
assume it is known and we shall explain later how to estimate it from data.

As in Sect. 5.3 we observe that, if we define a random field v,

W(P,w) = R,u(P) (5.41)

and we postulate a uniform distribution of w on the 3D rotation group, we receive a
totally equivalent problem with the same analytical solution, on condition that

1 2
W/dUPM(P)/O dog

_ L / dopu(P) =0, (5.42)
47

Eo{v(P. 0)}

what we assume to be true, because by hypothesis u(P)=T,(P) and T,(P)
certainly has a zero mean on any sphere centered at the origin. Note as well that
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calling C(P, Q), in (5.38), a covariance function, we are consistent with a standard
terminology for random fields.

5.5 The General Collocation Problem

Based on the discussion of Sects. 5.3 and 5.4, from now on we accept the equiv-
alence principle stating that we can proceed with our prediction algorithms either
by minimizing the invariant quadratic error in a class of invariant linear estimators
or by introducing the model of a random field, as in (5.41), and minimizing the
mean square prediction error in a class of linear predictors. Invariant here means
invariant with respect to the 3D rotation group, and expectation means averaging
over a uniform distribution on the rotation group.

Let us first of all state our problem in the following form: we have observation
equations

yvi=Miwm)+v,, 1=1...N (5.43)

and we want to predict a functional of u, L (1) by means of a linear homogenous
predictor, i.e.

N
L@ =Y Ay (5.44)
i=1

to do that we want to apply the Wiener-Kolmogorov (W-K) principle.

To this aim we need to define clearly what is an admissible functional L applied
to the random process v( P, w).

In fact note that v(P, w) = R,u(P) = u(R, P), is a function of two variables
and that L will act only on the variable P, so that we expect

Yo = Lp{v(P, o)} (5.45)

to be a (measurable) function of w only, i.e. a random variable.
We note that, under suitable regularity conditions,

Eo{Yo} = Eo{Lp[(P.0)]} (5.46)

_ /dP(w)LP{RwM(P)}

— Ly / dP (@) Rou(P)}
= Lp{E,v(P.w)}} = 0,

so we expect that all useful random variables of the type (5.45) have zero mean
(with respect to ).
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Definition 1 (Admissible functionals). We state that a functional Lp () is admis-
sible, if the corresponding random variable Y, has finite variance.
Namely we require that

E, Y2} = / dP(@)L p[u(Ro PYLo[u(Ry O)]

— Lol / AP (@)u(Ry, PYu(Ry O)}}
= Lp{LoC(P,Q)} < +oo. (5.47)

Covariance propagation. The above computation can be repeated when we need
to compute the covariance

E{Lpv(P,w)[Mo[v(Q,w)]} (5.48)
= Lp{Mo{E[(P,w)v(Q,®)]}}
= LpiMoC(P, Q);.

Formula (5.48) is in fact the covariance propagation formula for random fields.
To simplify formulas, from now on we shall use the short-hand notation (see
Krarup 2006, Chap. 15)

LpC(P.Q)=C(L.Q)

(5.49)
Lp{MoC(P.Q)} = C(L. M).
Moreover we note that if we take a vector of functionals
Li()
Ls(+)
= . (5.50)
Ly()
and we put
Y = L{v(P,w)}, (5.51)
then indeed Y has zero mean,
E{Y} =0,

and a covariance matrix Cyy given by

{Criv} = {C(Li, Li)} (5.52)
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which we write in vector form as
Cyy = C(L,L"). (5.53)

Naturally C(L,L") is symmetric and positive definite. Similarly the cross-
covariance between the vector Y of (5.51) and Z = M{v(P, )} is just the matrix

Cyz = E{YZ'} = {C(L;, M)} = C(L,M'). (5.54)

Now the last thing we need in order to perform our prediction is just to observe
that in our models we have two stochastic quantities, the random field v(P, w) and
the noise vector v. So we need first of all to represent the stochastic interaction
between the two and then we need to warn the reader that when we shall use the
expectation symbol E{ }, without any particular index, we will mean averaging
with respect to all random variables, while we shall use E,{ } or E,{ } when we
want to perform an average with respect to a specific random variable.

To complete the hypotheses on the covariance structure of the problem we
summarize them as follows:

E{(P,w)} =0, E{v(P,o)(Q,w)} = C(P, Q), (5.55)

with C(P, Q) a given invariant covariance function and with the propagation rule
(5.48) for the covariances of linear functionals of v;

E{v} =0, E{w'} =C,,; (5.56)

furthermore we shall assume that the noise v and the random field v are linearly
independent, i.e.

E{v(P,w)v;} =0, VP, Vi, (5.57)
implying also that for any admissible functional L,
E{Lp[v(P,w)]v;} =0. (5.58)

With all these rules of calculus we proceed to establish the W-K principle, namely
we start to compute the variance of the prediction error.

Remember that the observation equations and the linear predictor L/E;) were
defined in (5.43) and (5.44), which we can write in vector form as

Y=My}+v (5.59)
Lp[(P,w)] = A'Y. (5.60)

If L(v) is our predictor, the prediction error is

e(w) = L(v) — L(v) (5.61)
=L(v)—A'Y
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and its variance can be computed by

& = E{e*(w)} = E{L(v)*} + (5.62)
—2E{MYL®)} + E{(A'Y)?}
=C(L,L) = 2ME{YL(v)} + A" CyyA. (5.63)
On the other hand
E{YL()} = E{M()L(v)} + E{vL(v)} (5.64)
= C(M, L);

Cyy = E{YY'} = E{[M(v) + v][M(v) + v]'}
= EM()M' ()} + E{vv'} = C(M,M’) + C,,. (5.65)
Substituting in (5.62) we can then invoke the W-K principle claiming that the
optimal predictor is the one that minimizes &, namely the solution of the normal
equation system
CyyA =C(M, L) (5.66)
or

A=CyyCM, L) (5.67)

with Cyy given by (5.65).
Going back to (5.60) we find the W-K predictor

L(v) = C(L,M")Cyy Y (5.68)
and substituting into (5.62) we get its squared prediction error as
& =C(L,L)—C(L,M")CyyC(M, L). (5.69)

Formulas (5.68) and (5.69) are so important that it is worth representing them
explicitly in components, namely

N
L) = ) Lp{Mp C(P. P)}Cyy)Y: (5.70)
ki=1

with C)(,;l,li) the element (k, i) of the inverse of the matrix Cyy, i.e.

Cy,y, = MpAMp,C(Py, P;)} + Cyp; (5.71)
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moreover
& = Lp{LoC(P,Q)} + (5.72)
N
— " Lp{Mp,C(P, POYCS Y Lp{MpC(Pi. P)}.  (5.73)
ki=1

We note that in most cases C,,,, is diagonal and, when M ( ) are functionals
representing the same type of measurement, many times we put C,, =021,
although this is not really necessary in our formulas that represent the most general
case.

Example 2. We want already here to specify how formulas (5.70), (5.72) work
for the most prominent case of this book, namely the prediction of the anomalous
potential 7 (P) (loosely speaking one could say the geoid prediction) from observed
pointwise gravity anomalies Ag(P;), i =1...N.

Let us remember that here 7(P) and Ag(P) mean the residual anomalous
potential and the residual gravity anomaly. We mention that in this case L( ), the
functional to be predicted, is just the evaluation of 7" at the point P,

L(T) = evp(T) = T(P).

As for the gravity anomaly at P, we can usefully reason as follows; first we
define a gravity anomaly operator A which actually transforms the function 7'(P)
into another function Ag(P)

aT /
Ag(P) = A(T) = —5-(P) + V;T(P), (5.74)

then we evaluate the field Ag(P) at a specific measurement point Py,

M (T) = evp {A(T)} (5.75)
= Ag(Py).

Put in this way we understand that to compute the covariance of My, M; or that
of M., L one can proceed in two steps. First we define a covariance function of
Ag(P) according to

Cagag(P, Q) = E{Ag(P)Ag(Q)} (5.76)
= E{Ap[v(P,w)]4o[V(Q. w)}
= Ap{doC(P, Q)}
where

W(P,w) = R,T(P); (5.77)
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then we apply the evaluation at specific measurement points, namely
C(Mk,Mi) = eka{EVPiCAgAg(Pk,P,')} (5.78)
= CAgAg(Pk, P,').

Accordingly we define the cross covariance between the two fields 7'(P) and
Ag(P) as

Crag(P. Q) = E{v(P,0)Ao[V(Q. 0)]} = AgC(P. Q),

with v given by (5.77) and then we evaluate T at a particular point P and Ag at a
particular point Py, thus obtaining

C(P, M) = evplevp, Crag(P, Pr)} (5.79)
= CTAg(P, Py).

With the above specified rules, the best linear predictor, or collocation predictor
of T(P) is (see (5.70))

T(P) =Y Crag(P. P){Cagag(Pi. P) + 05,81} " Agons(Pr).  (5.80)
k.i

in (5.80) we have assumed that C,,,, zojg&k and we have written Agops(P;)
for Y;.
The corresponding prediction error then becomes (see (5.72)).

& =C(P,P)+ (5.81)

— > Crag(P, PO{Cagag(Pe. Pi) + 05,81} 7" Cagr (Pi, P)
ki

Remark 1. Recalling the definition of covariance of a function 7'(P) (see (5.38))
namely

C(P,Q) = E{R,T(P)R,T(Q)} (5.82)
= / dP(w)T(R,P)T(R,Q)
we see that, when T is a regular harmonic function,
ApC(P, Q) = /dP(a))AP T(R,P)T(R,0Q) =0, (5.83)
in fact it is known that the Laplace operator is invariant under rotation, so that if

T(x, y,z) is harmonic as function of (x, y,z) and R,, sends (x, y,z) into (x', ¥, 7))
then (see Exercise 1 in Sect. 5.12)
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9 P 0
I AR [ ATV ANV
(8x2+8y2+8z2) (x, ¥y, 7)

02 02 02 , ,
- (8x/2 + dy”? + 8z/2) T(x'.y".Z)=0.

Naturally (5.83) implies Ap C(P, Q) = 0 as well, because C(P, Q) is a symmetric
function of P and Q.

Now take a general collocation formula with Lp = evp and {M;} whatever;
similarly to (5.80), if we put

& = ZAC(My, M;) + C,,, ) VY, (5.84)

we see that the collocation predictor of 7'(P) can be written as

N
T(P) =) C(P. M. (5.85)
k=1

If we let P free to vary over 2 = {rp > R}, we can interpret (5.85) more as an

approximation of the whole function 7'(P) than as a pointwise prediction. As such
we see that our approximate solution 7'(P) is automatically harmonic, namely

N
ApT(P) =) ApC(P. M)t = 0. (5.86)
k=1

This is indeed a nice property of our approximation theory.

5.6 Covariance and Spectral Harmonic Calculus

The functions /f(P) by which we do approximate the residual potential 7,(P) are
all harmonic in §2g, as stated in the previous section (Remark 1).
Therefore these functions can be represented by the convergent series

+o0 n

T(P) = Z Z TnmSnm(rPs ﬁPvAP) (5.87)

nm=2 m=-—n
R n+1
Snm(rP’ﬁPvAP) = (;) Ynm(ﬁPvAP)-

If we apply to T'(P), given by (5.87), the rotation operator we get, with P’ = R,, P,

+o00 n R n+1
RIPY=T(P) =3 3 T (_) Yom@pr Ap):  (5.88)

n=2m=—n rp
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on the same time we can state that

+o0o n R n+1
TP =% Y Tw@ (7o) Tunlirin) (5.:89)

n=2 m=—n

because indeed T'(P’) is also harmonic as a function of P. Naturally the harmonic
coefficients of T'(P’) as function of P, are not the same T},,, which appear in (5.87)
and in particular they will depend on the relation between P’ and P, namely on the
specific rotation R,, applied; this is why we have denoted them 7,,, (w).

We want to study the property of the functionals of 7',

(P eSx). T (w)=$ / Yom(@p. ) T(RoPYdop  (5.90)

and their relation to the original 7,,,,. First of all we notice that, as for all admissible
functionals, E{T,,(w)} = 0 and

1
—(4n)2/dUP/dUQYnm(ﬁP,AP)ij(l?Q,AQ)-

E{T(R,P)T(R,Q)}. (5.91)

E{Tnm(w)Tjk(w)} =

On the other hand since the covariance of T is spherically invariant (P’ = R, P,

Q/ = RwQ)a
E{T(R,P)T(R,Q)} = C(¥ro) = C({po). (5.92)

As a function of v, C(v) is also a function of cos ¥ so that we can write

+o00
t=cosy: C()=CEH) =) caPult) (5.93)
n=0
+o00
= ch P,(cos )
n=0
with (see (3.46))
1
= 2”; ! / C@) P, (1)dt (5.94)
-1
2n +1

=2 /OC(w)Pn(cosw)sinwdw

Therefore, recalling the summation rule (3.54), we can substitute in (5.91) and
(5.92)
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+o00
CWro) =Y cy2p+ 1) Yoy, Ap)Ypg (90, 20) (5.95)
P-q=0

so that by virtue of the orthogonality of {¥,,, (¥, 1)} we find

C Cp
E{Tym(@)Tix(w)} = % P 13,,n5qm5pj5qk = —15,,,3mk. (5.96)

Pap + 2n +

Hence T,,,(w) are uncorrelated to one another and their variances are the same
for all orders in degree 7,

2 2 Cn
T, = =
o ( nm) o-n 2}1 1

(5.97)

We will call o7 the degree variances of individual coefficients and ¢, the full
power degree variances. Although this name has already been used in (3.173) we
shall soon see that we are justified in using it here because we will prove that ¢, is
identical with Ei givenin (3.173).

In fact the following remarkable result holds (see also Moritz 1980).

Lemma 1. The distribution of T, ={T,,} in R**' (remember that we have
2n + 1 orders for each degree n) is singular, its support is the sphere with squared
radius

TP = ) Tr(@) =c, (5.98)

m=—n

and in fact T, () is uniformly distributed on this sphere.

There are two consequences of this lemma: the first is that if we know even
approximate values for 7},,,, we can directly estimate C(¥pg), given by (5.93),
with ¢, = X T2 .

Namely the harmonic coefficients of one particular function given on Sg, provide
us the degree variances of the process generated by randomly rotating this function.

We notice here as well that the formulac, = X, 7% justifies the name given to
¢y, of full power degree variances, in fact we can verify now that ¢, = Eﬁ according
to the previous definition on (3.173).

The other consequence is that the Lemma gives an answer to a guess popping up
from times to times in geodesy, that the distribution of 7', and then for instance of
{T,m} too, could be normal (cf. Jekeli 1991). Indeed this is not possible in a strict
sense, as observed long ago by Lauritzen (see Lauritzen 1973), because then {7;,,,}
for fixed n would all be independent with zero mean and variance onz, what would
imply that

EmTznm(a)) ~ O—y%X%n-f—lv (5.99)
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i.e. it cannot be a constant with respect to w. Yet (5.99) shows that this variable has
a variance tending to zero. In fact (5.99) implies

[ ZnT (@) = 0,2 (2n + 1)
which must tend to zero since
5,072n + 1) = 2,5, T}, < +oo (5.100)

by hypothesis.

Indeed (5.100) implies 62(2n + 1) — 0 and, a fortiori, 6.} (2n + 1) — 0. So from
the practical point of view the field 7', at least above a certain degree, could still be
approximately normal.

The use of (5.97) simplifies the calculation of various covariances and cross-
covariances for fields which have an easy spectral representation, as we show in the
next example.

Example 3. As we have seen in (5.80), to apply the present theory to the determi-
nation of a gravimetric quasi-geoid we need Cra,(P, Q) and Caga, (P, Q). If we
apply the spherical approximation formula (cf. (5.101))

oT 2
Ag=———-T
ar r

that, in terms of harmonic coefficients translates into

n—1

Agum = R Tum, (5.101)
we get straightforwardly
n—1 ,
E{TnmAgjk} = (Snj(gkao—n (T) (5.102)
and
(n — 1) 2
E{AgnmAgjk} = (Snj(skaO'n (7). (5.103)
implying

2
er(Ag) = " Rzl) en(T). (5.104)
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With these rules we can put

n—1
Crag(P, Q) = En,m( )O-y%(T)Snm(er Ve, Ap)Sum(ro. %o, Ag)

R
1 R2 n+1
=X, (v )U,,Z(T) ( ) (2n + 1) P, (cos Ypo)
R rpro
(5.105)
and
(n — 1)2 2
Cagag(P, Q) = Xym——5—0,(T)Sum(rp, 00, Ap)Sum(ro. %0, Ao)

R2

( 1)2 2 n+1
=3, 2( )( ) (2n 4+ 1)P,(cos Ypg). (5.106)
1240]

Let us note that in particular (5.106) coincides, in spherical approximation,
with (5.76).

It is useful to observe that not all the fields that can be derived from 7' possess
a spherical invariant covariance, although the spectral calculus, when applicable,
facilitates the calculations as the next example shows.

Example 4. We want to compute the covariance of T} = %—{ Note that this quantity
is just the eastern deflection of the vertical n multiplied by r sin ¢. To this aim let
us observe that, according to our definition of Y, (9, 1) (cf. (3.50) and (3.51)) we
have

0

ﬁYnm(zﬁ‘, A) = —mY, _, (0, 1). (5.107)

But then

Th(P) = Zym(=m)TomSn—m
= Xy mM Ty —mSnm
or
(Toom =mTy—. (5.108)
The last relation implies

E{(Ty)?,} = m*a*(T) (5.109)

so that T, has not degree variances, i.e. the variances of (7)), are not the same for
all orders m.
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It is useful here to observe that the covariance of 7 can also be derived directly

from C(P, Q) with the following formula

32
Crr, (P, Q) = E{T)\(P)TW(Q)} = mc(ﬂ 0).

If we put

C(P’ Q) = C(VP,VQ,WPQ) :g(rP,I'Q,COS'WPQ)

and we note that

cosYpo = sindp sintg cos(Ap —Ap) + costtp cos

so that
ad . . .
——cosYpp = sindp sindg sin(Ap —Ap)
Ao
and
82
m cos Ypg = sin¥p sing cos(Ap —Ap),
we can compute (5.110).
Put
— 0 —
g 5 Crp.ro.1)
P
¢ = ﬁc("PvrQaZ);
then you find

Crr = 5/(rp, ro.cosYpo)sinp sintddg cos(Ap —Ap) +

- E”(rp, rg.cos Ypo)(sintp sin g sin(Ap — AQ))z,

(5.110)

(5.111)

which is not a function of ¥ p¢p only, i.e. it is not a rotation invariant function.

Remark 2. In order to perform the covariance calculus of horizontal derivatives,
a simple approach is, after fixing the two point P and Q, to compute the full
covariance of the derivatives along the great circle connecting P and Q and
orthogonal to it. The result can then be rotated to produce covariances of derivatives

in any direction (Tscherning and Rapp 1974).

To get acquainted with the covariance spectral calculus we propose to the reader

Exercise 2 at the end of the chapter.
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5.7 The Estimate of Global Covariance Functions

The whole building of collocation theory rests on the assumption that there is a
covariance function of the unknown 7'(P), Cy7 (P, Q), and that this function be
known in some way. Since there is no theoretical a priori model for it we can only
rely on data themselves to obtain an estimate of Crr (P, Q). Naturally the best
theoretical framework to do that, would be a unified estimation theory where both
T(P) and Crr (P, Q) are optimally estimated together from data.

At this point indeed the problem becomes highly non-linear and, although some
theoretical work has been done in this direction, no numerical experiments have
been performed for the moment (Sansd and Venuti 2002a). So in practice we have
to live with a two-steps procedure in which we first estimate Crr (P, Q), with
an admissible model, and then we use it to apply the rest of collocation theory.
This parallels very much what we are doing in the ordinary least squares theory
(Koch, 1987) where we have to estimate both the vector of the parameters and the
covariance matrix of the observable variables. In least squares theory however this
practice is justified because we can prove that a variation of such covariance matrix
induces a second order variation into the estimator of the parameters. Fortunately
here we have again a similar situation as it has been proved in Sanso et al. (2000). So
there is a reasonable argument to accept the two-step procedure. Yet the question is
open on how to estimate practically Crr (P, Q) from data (see also Part II, Chap. 7).

We have two formulas relating the covariance function to observable quantities:
one is its definition (5.92) that writes more explicitly as

1
P.Q € So. Cri(h) = o~ [ doT(P) /w daoT(@) G112
Po=

the other one is

+o00
Crr(Ypro) = chPn(COS Yro) (5.113)
n=2
with
n
o=y T.. (5.114)
m=—n

Both formulas require the knowledge of 7" on Sg (directly in (5.112) and through
Tum in (5.114)); both express Crr(P, Q) when P,Q € Sy and then can be
harmonically continued in P, Q € 2g by

+oo 2

R n+1
Crr(P.0) =Y (WQ) ¢ Pa(cos Y rg). (5.115)

n=1
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Yet, since the quantity related to 7" that we know best at present, at the level of
the ellipsoid, here approximated by S, is Ag, averaged in blocks, as explained in
Chap. 3, the model (5.106) has been rather used, namely

+00 R2 n+1
Cagag(P.Q) =" (rPrQ) ca(AQ)Pu(cos Ypp). (5.116)
n=2

where

—1)2 _1\2 N
er(Ag) = Rzl) en(T) = Rzl) 312, (5.117)

m=—n

Naturally with our finite data set we can only estimate c¢,(Ag) up to some
maximum degree Npax. It is by interpolating the empirical spectrum of Ag, i.e.
(5.117), and then extrapolating it above Np.x that we can have some model
extending to all degrees up to infinity. The idea is similar to what we presented
in Sect. 3.8, but with much more refined models which, beyond giving a better
interpolation of empirical data, have also the advantage that the series (5.115) and
(5.117) can be added providing us with closed analytical forms, more manageable
from the numerical point of view. The argument and the relative models will be
taken up in more details in the next section. What is interesting at this point is to
underline two facts. The first is that all models include in both ¢, (T) and ¢, (Ag)

. . . 2(n+1
an exponential factor which can therefore interpreted as (R—B) e+

7 , meaning that
our kernel Crr (P, Q) will be harmonic down to a smaller sphere than Sg, in fact
down to the Bjerhammar radius Rp, which in the most famous of such models
(cf. Tscherning and Rapp 1974), has a value Rp = 6,370km. Note that Rp is
different from the mean earth radius R = 6,371 km, by 1km only. The second
is that, despite its usefulness, the degree variances of this global covariance function
above Ny,.x cannot well represent the local physical reality of our gravity field. In
fact at the scales of 100km down to 1 km the actual gravity field displays features
so diverse from one part of the globe to the other that putting them all together
into a unique covariance function prevents us from the construction of a very fine
approximation of 7', and then of the geoid, as required nowadays.

This argument calls for another step in our approximation road, where the local
features of T or Ag are accounted for. We could say another step zooming into a
smaller data area A and applying some kind of multi-resolution analysis concept.
This will be achieved by means of the so-called local covariance functions.

We conclude the section with still another Example that will become useful in
the sequel. This answers in the affirmative to the question: is it possible to have
isotropic covariances on the bounding sphere that have a finite support, i.e. a C(y)
and a fixed arc A < 7 such that C(y¥) = O for Viy > A? In the example, we
will construct one of such covariances, M (), so that, recalling that the product of
two covariance functions is again a covariance function, we can then construct for
every C () a finite support counterpart just by taking Ca(y) = Ma(¥) - C(¥).
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Example 5. Let us recall that if we take at the north pole a function equal to 1 just
when the colatitude ¢ is such that # < A, and is equal to zero outside,

1 9<A
¥) = -
xa() 0 9> A,

one can write
+o00
1a(®) =Y P Pu(cos®)
n=0

where the so-called Meissel’s coefficients B, are given explicitly by (see also
Sect. 3, A.4)

2 1!
"t / P,(t)dt
2 cos A

= _[Pn I(COS A) n-l—l(COS A)]

(t =cos?) B, =

Note that the relation between f, and the coefficients of the moving average
operator, defined in Sect. 3, A.4 is

Bn = i(Zn + 1)(1 —cos A)M,,(A).

Recalling that Y, = +/2n + 1P, (cos ¥) we can write also

xa(@) = ()

Z\/—no

If we consider this function as a potential on the sphere and we compute its
covariance in spectral from (cf. (5.113) and (5.114)) we find

> b
M) = “~— P,(cos )
4 Zon + 1

On the other hand if we compute the same covariance by (5.112) we see that
we must fix P in the cap D(O, A) of radius A around the north pole O, we must
fix a radius ¥ and then take the product of ya(¢p) by the average of y (o) on
the circle of radius ¥ around P; finally we integrate in P over D(P, A). Note that
when P is outside D(O, A), the integrand in (5.112) is automatically zero.

Now if P isin D(O, A) and on the same time ¥ > 2A, the circle of radius ¥
and centre P, will not intercept anymore D(O, A) and, as result, we will have

MA(¥) =0, Yy > 2A.

The situation is illustrated in Fig.5.7.
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Fig. 5.7 Domains of
integration used in the
computation of the
covariance of T = y(Jp)

Let us observe explicitly that although we can construct covariances of finite
support on the spherical boundary, as soon as we go to an external sphere, r > R,
C(P, Q) cannot be anymore zero on any part of the sphere of positive measure,
otherwise as a harmonic function it should be zero everywhere (see Sacerdote and
Sanso 1991).

5.8 The Estimate of Local Covariance Functions

As defined in (5.38), with the further specification of definition (5.76) we can say
that the covariance function of the gravity anomaly field Ag(P), at the level of the
mean earth sphere, Sg,, is given by

P, Q S SRe,
Cagag(P, Q) = E{Ag(P)Ag(Q)} (5.118)

1
= W/d"f”/ dagrAg(P')Ag(Q') = Cagag(Vpo):
Vpro/=vpro

analogous formulas hold for Crr(P, Q) and Crag(P, Q) which are the main
ingredients needed to derive the estimates (5.80) and (5.81).

The relation between the three functions is given by (5.76) and (5.79) in the
ordinary geometric space and by (5.105) and (5.106) in the spectral domain.
Although we derived them for the residual potential, represented by the random field
v(P,w) = T,(R, P), they basically hold for any random field similarly defined by
means of its values on the sphere Sg,, with the help of a uniform distribution on the
rotation group, and harmonically continued in 2z, = {r > R,}. So in order to be
close to the applications considered in this book we shall reason in this section on
the covariance of Ag,, with the understanding that the same arguments apply to any
random field having an isotropic covariance function.

Moreover, such a remark will be used in next sections.

From (5.118) and a set of observed values

Y, = Ag(P)+vi, i=12...N (5.119)

with v; independent noises of equal variance o2, we can reasonably build an

estimator of the covariance in a very similar way of what is done with random
processes, with respect to a time variable.
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In fact, consider the following expression

Cagae(¥) = T YiYe, (5.120)

Ny, A)
where the summation is extended only to the pair of points {i, k} such that
Y—A<ypp <Y +A4 (5.121)

and N(V, A) is the number of such pairs.
Observe that, recalling also (5.55), (5.56) and (5.57),

EoiViYeh = Eo{Ag(P)Ag(PO} + 0261,
= CAgAg(wPiPk) + U\%Sik- (5.122)

As far as E —A>0,ie. Yp p, > 0, we always have §;x = 01n (5.122), so that
from (5.120) we find again, denoting {i, k} the set of pairs satisfying (5.121),

Euw{C agac(¥)} = SiCagag(Wp p,)- (5.123)

Ny, 4)

Now, if we assume that the observation points { P; } are well distributed, so that
¥p, p, sweeps in a fairly homogeneous way the interval [V — A, ¥ 4+ A] and if we
further agree that A is such that N(i/, A) is large enough e.g. at least larger than 10,
and on the same time small enough, to allow Caga. (1) to be almost linear in the
interval [y — A, ¥ 4+ A], we deduce from (5.123)

EodC agag(W)} ~ Cagag (), (5.124)
namely C sga¢ (V) is a quasi-unbiased estimator of Caga (V).
Furthermore we note that (5.120) can be considered as well as a discretization of
formula (5.112) or its analogous for Ag.

Accordingly, once the value of A has been fixed, what is in fact one of the very
issues for the data analyzer, we can derive estimates C aga, () for

U =A3A,5A...(dm+ 1)A. (5.125)

Furthermore, by taking i = k in (5.122), we derive

E

N

1

NZYﬁ} = Cgag(0) + 02, (5.126)
i=1

ie.

N
1
§2= Nny (5.127)
i=1
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is an unbiased estimator of Caga,(0) + 02. All together the values
S2: Cagag(A); Cagag34)...Cagag(2m +1)A) (5.128)

constitute what is called the empirical covariance function; when Ag is the residual
gravity anomaly Ag, and the points { P;} are taken from a local area A only, we
have a local empirical covariance function.

Note that, in order that such empirical covariance function could be further used
in the prediction process, some conditions have to be fulfilled at least approximately.
We already said about the choice of A, but we also have to assume that when
data come from a local area A, 2m + 1)A (see (5.118)) be significantly smaller
than the size of A, identified with its diameter when A is a cap or with its side
if A is a squared geographic block; at the same time Caga,((2m + 1)A) and
the other tail values of Cy4ag beyond (2m + 1)A, should be small enough to
make the correlation with observations beyond this distance negligible; moreover
the size of A should be big enough to let the field Ag to have a zero average on
1t, 1.e.

N
1
NZAg(P,-) ~ 0, (5.129)

i=1

as otherwise we could not write a covariance estimator in the form (5.120).

In reality, having an empirical average significantly different from zero on A
would mean just that there is an important correlation of Ag, in A with Ag,
outside A, so that we cannot hope to derive a good local estimate of 7" in A because
we are lacking essential information.

One further concern is that the height of the points P; should not have too strong
a variation in A; in fact we see (cf. (5.116)) that if all points have the same height /4,

2n+4
then the degree variances of Ag are just modified by a factor (%) , that can

be accounted for in modelling the covariance, while if r; = R, +h; is quite variable,
then the covariance of the signal coming from /; will enter into the empirical values
Cagag(¥).

Finally we remind that our estimate (5.120) is relevant only if the residual
Ag,(P) has a behaviour statistically homogeneous and isotropic in A; in other
words there should not be in Ag,(P) features that make one part of A to look
statistically very different from another one. This is typically achieved if the remove
step for the model and for the residual terrain correction components has been
correctly performed and the area A is suitably selected by the analyzer.

We get hold of an empirical covariance function that we need to transform
into a model covariance function, namely into a function possessing the correct
properties of symmetry and positive definiteness, without which the collocation
prediction formulae loose any significance. This is the case if we impose to the
model covariance to satisfy the relation (5.116), namely
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RZ

rprQ

+o00 n+2
Cagag(P.Q) =) ca(Ag) ( ) P,(cos¥pg), (5.130)

n=2

with positive full power degree variances ¢, (Ag).

Now the point is how to model c,(Ag), taking also into account that we are
talking about Ag,, so that we expect c,(Ag) to have a different meaning when
n < M (M being the maximum degree of our global model T),(P)) than when
n>M.

In fact if we write for the coefficients T,,(f:,l) of the global model the relation

T = T, + T (5.131)

with 17, the estimation error for the coefficient 7,,, we see that in the low
frequency band (cf. (5.101)),

(l’l = M), Agr,nm = —7 Tmm (5132)

so that

_ 1) 2
=), eiag =", (5.133)

m=—n

according to (5.104).

Now (5.133) expresses the full power degree variances of the estimation errors
{tum}, when the average is taken over the full rotation group. If we further average
(5.133) with respect to the random variables t,,,, which represent the propagation
of the observation (and model) errors from original data to the estimates T,,(,],‘f) , We
can define what are called error degree variances, namely

n

(n < M). en(Ag) = Ec{ca(Ag)} = Y 07 (tam). (5.134)

m=-—n

The variances 02(z,,,) are available from least squares estimates up to degrees
of a few hundreds, or are derived by noise propagation through quadrature formulas
(see Rapp 1997a; Pavlis et al. 2008), so we can claim that ¢, are known at least up to
the specific degree M, which is useful in the present context (see Remark 3 below).

As for higher degrees, n > M, the full power degree variances are usually
modelled by means of some parametric form. Typical are formulas of the type

A

— n+2
c,,(Ag) - COh B(}’l)

(5.135)

where

O0<h<l (5.136)
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and A(n), B(n) are polynomials in # such that B(n) has no zeroes for integer values
larger than 1. The big advantage of the form (5.135) is that in many cases it becomes
possible to add the series (5.130) obtaining an explicit analytic expression which is
then quite comfortable to be used in further computations (see Sect.5.9).

Remark 3. Let us put

2

R
h= R—g, (Rz < R) (5.137)

in (5.135) and substitute it back into (5.130); we find then

+00A R2 n+2
Cagag(P. Q) = ZBEZ; (rPfQ) P, (cosyrpp). (5.138)

n=2

Since | P,(cos )| < 1, it is clear that (5.138) is converging in rp,r9 > Rp,
whatever be the polynomials A and B; therefore any collocation solution that uses
this covariance will be harmonic down to a sphere with radius Rp. As already
mentioned at the end of Sect. 5.6, the constant Rp is called a Bjerhammar radius
after the work of A.Bjerhammar (see for instance Bjerhammar 1987); whence the
index B.

Summarizing the previous general discussion, we arrive at a model of local
covariance function that can be expressed as

M —1)2 R2 n+2
Cg/lgojg(P’ 0) = GZEn% ( ) P,(cosypo)

n=2 "pro
+C.(P,0) (5.139)
+o00 R2 n+2
C(P.Q)= ). cn(Ag)( ) P, (cos Ypp) (5.140)
n=M+1 'rro
Al

cn(Ag) = Coh" 2 (5.141)

B(n)’

Parameters of the representation (5.139), (5.140) and (5.141) are: the calibration
constant a, the degree M used in the specific remove-restore procedure, the
constant Cy, the Bjerhammar radius Rjp, i.e. the value of 4, the coefficients of the
polynomials A(n), B(n) which however can be normalized to have the zero degree
coefficients equal to 1, namely ay = by = 1.

By using all these parameters one can interpolate the empirical covariance
function, using only the values outside the origin C agag(A), ..., C AgAg
(2m +1)A4).
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In this covariance modelling process it is important to use M as a parameter
because the experience shows that many times the use of Rp only does not allow
to reach the right shape of the covariance in the first (and most important) part of
Cagag (), typically decreasing from the value Caga,(0).

The value S} (cf. (5.127)) is then used to estimate o,

v
62 = 52— C ag5(0). (5.142)
As it is obvious one must have

62>0 (5.143)

v

for this estimate to be acceptable; therefore (5.143) acts as a constraint for the model
Cles,(0) < S7. (5.144)

All in all, this estimation procedure casts so to say into a theoretically acceptable
form the statistical behaviour of Ag, in the specific area A4, captured by the empiri-
cal estimates (5.120). Therefore, despite its global appearance, Cglg"j ¢ represents in
fact the physical correlation of Ag, in the area A and in general it should not be
used for another area. This reflects, to some extent, the multi-resolution character of

the solution we are elaborating, step after step.

Example 6. It is important to understand that the transition from Ag to Ag,
removes power from Cag g, namely it damps its value at the origin and at the same
time it reduces the correlation length, i.e. the smallest value ¥, for which the relation

1
Cagag(¥) = 5Cagag(0) (5.145)

is satisfied. More properly one could say that the transition from Ag to Ag, reduces

Cgag(0)

the index , that could be taken as an indicator of the smoothness of the

covariance. In tl;is respect, it is interesting to observe the sequence of the covariance
functions for the full signal of free air Ag over the area 6° < A < 20, 36° <
@ < 47° corresponding to a domain A covering the Italian region (Fig.5.8), and
the covariance function of the reduced Ag, over the same region (Fig. 5.9). Finally
in Fig.5.9 we show as well the covariance from the Tschering—Rapp family (see
formula (7.16) in Part II, Chap. 7) that interpolates C Ag, Ag,

Notice that in the chosen land area the gravity signal is quite variable, due to
the complex geological structure of the region. So the covariance of the global
gravity field, reflecting a mean behaviour for the whole earth, suggests a behaviour
smoother than that implied by the local covariance in Fig.5.8. On the other hand
the covariance of Ag, is both less powerful and smoother than that of the free air
anomalies.



5.9 Covariance Parametric Models 237
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Fig. 5.8 The free air gravity anomaly empirical covariance over the Italian area
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Fig. 5.9 The empirical covariance of the reduced gravity anomaly over the Italian area and the
best fitting Tscherning—Rapp model

5.9 Covariance Parametric Models

As we have seen in the two previous sections, an estimation procedure for the
covariance function of T or Ag passes through the adaptation of a parametric model
to suitable empirical covariance values.
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For this purpose let us note that if we accept the model (5.135) and we put

R2
s=—2L t=cosy (5.146)
I‘pI‘Q

our target is to sum a series of the form

+o00
Cagag(s.1) =Y _pag(n)s" > Py(t) (5.147)

n=2

with p(n) a rational function of n.
Since it is convenient in the present context, we shall however start from the
covariance of 7', that in this case, with the notation (5.146), can be written

+o00
Crr(s.0) = ) _pr(m)s"*' Pu(0). (5.148)

n=2

In performing our calculus we shall need a few relations that we list for the
comfort of the reader. We start by recalling (see (3.16) and (3.17)) the definition of
generating function

+oo 1
G(s,t) = s"Py(t) = ——— (5.149)
5.1 2 ) V1 + 52— 25t
and the obvious relation
+oo
D s"Pu(t) = G(s.1) — 1 —st. (5.150)
n=2
Then we have
267 (s.1) = (s —1)G(s.1)
(5.151)
DG(s.1) = —(s —1)G3(s5.1).
Furthermore, as one can verify by direct differentiation, one has
s —t+ G (st
/ G(o.1)do = log " —LF G0, (5.152)
0 1—t¢
note that when s — 0 both members tend to zero.
Moreover we observe that, for any F (s, ),
d d
L P Ly T (5.153)
al‘p rp ds

and similarly for —%F (s,1).
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With such tools a number of intermediate results are derived in the exercises at
the end of the chapter, that the reader is invited to make.

We continue the section by concentrating on one of the covariance models
that are most widely used in modelling gravity covariances. Before doing so we
underline again that such a model can be used for both, global and local covariance
modelling. In fact any global model of which we know the sum in analytical form,
namely

+o0
C(s.1) =Y cus" 2Py (1) (5.154)

n=0

can be turned into a truncated form of the type

+o00
Cu(s.t) =Y cus"2Pu(1) (5.155)
n=M+1

M
= C(s.0) = Y _cas" 2Py (0).
n=0

which is easily computed because C(s, ¢) has a closed form and the second term in
(5.155) is just a finite sum up to a few hundred terms.

The Tscherning—Rapp model. This model (see Tscherning and Rapp 1974) has,
in its classical formulation, the general form (5.130) and (5.135), parameterizing the
gravity full power degree variances as

R% n+2 n—1

or, what amounts to the same, the form (5.138) with

A(n) Aln—1)
B - i )u B n > 3. (5.157)

For reasons that are explained in Appendix A.2, the parameter B is restricted to
integer values.

The computation of Cagag(s,t) corresponding to the choices (5.157) is fully
worked out in Appendix A.2. The result can be cast into the form

B+1 1
CAgAg(SsZ) =4 KB(SsZ) + B—HK_Z(S,I) (5158)

B+2

and the algorithms to compute Kp(s,t) and K_,(s,f) have to be found in
Appendix A.2.
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With similar arguments one can compute as well the covariance function of T
and the cross-covariance of 7' and Ag which are essential to perform the prediction
of T from Ag and compute the corresponding prediction error.

We have

1
Crr(s,t1) = AR? —K_5(s,t 5.159
r7(8, 1) B+2)s 2(s, 1)+ ( )
+—1 1K( 1) ! [s —s* —sG7(s,1) +
- s, t) — s —5t—s s,
B+1)(B+2)s * B+1

1—st+ G (st
SIS ek U A C )—s3P2(t)}}

2
and
Crag(s,t)=A R 1K (s, 1) 1K( t) (5.160)
$,1) = A——————{ - K_a(s,1) — — s, . .
ras rr(B+2) s s 0
Note that in (5.160) Ag is evaluated at P while T is evaluated at Q and we have
here s = %, I =cosVYpg.

5.10 The Least Squares Collocation (l.s.c.) Solution

By solution we mean here computing the predictor (5.68) with its prediction error
variance (5.69), when the problem at hand is fully general. When we have to predict
T from Ag, we have to utilize formulas (5.80) and (5.81). When we apply the latter

formulas to a local data set, { P;} € A, of residual gravity anomali/e\s, A g‘r’bS(Pi),

then we can predict local values of the residual anomalous potential 7', (P).

A l.s.c. solution is exactly one such solution when a local covariance function is
used in formula (5.80) and (5.81).

We notice here that there seems to be a certain degree of contradiction in applying
the W-K principle of Sect. 5.4 to the present local context. In fact, by definition the
covariance function of Sect. 5.4 is obtained by averaging on the full sphere, or better
on the full rotation group; on the contrary the local covariance function used in a
L.s.c. solution is derived only for the area A where we have data and it would be
different for the true earth in another area.

Since the formula for the isotropic covariance function, (5.38), was in fact
obtained from the minimum quadratic invariant error principle (5.37), it seems
interesting to ask whether there is an analogous minimum quadratic error principle,
valid for the data in the area A only, leading us to the use of a local covariance
function. A rigorous answer to this question would be in the negative sense.
However it is feasible to build a local theory implying a definition of a local
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covariance function that is only approximately isotropic and is close to what is
suggested by the estimation formula (5.118).

Yet this goes beyond the scope of this presentation and here we limit ourselves
to some more elementary considerations.

Basically our solution would be justified at least in a mean square sense, if the
field 7, we want to estimate had, outside the area A and over all the rest of the
sphere, the same statistical behaviour. If we impose such a hypothesis by definition,
we will have a prediction which is optimal for this virfual field and on the same time
it agrees with ours, at least in terms of observations, in the area A.

So the question is not whether the local covariance is good for the whole sphere
(which is not) but rather what is the region in space where our /ocal approximation
procedure gives valid answers.

Fortunately collocation theory helps by giving us the tool to compute the
prediction error (see (5.72) and (5.81)) and we can decide to go with the prediction
point as far as possible till the prediction error reaches a predefined threshold. In
this sense it is useful to observe that sometimes it is convenient to fix a threshold for
the relative prediction error, namely, if 7'(P) is the predicted functional,

8(P)2 (1/2) S 161
Crr (P, P) } G-10D
N (1/2)

> Cro(P,M)Cy ) Crr(P, My)
ik=1

8r(P):{

1-—

Crr(P, P)

This expresses the ratio of the prediction error to the signal we want to predict
and can be fixed to levels like 1%, and 5% or others. For instance, one can decide to
estimate a residual geoid of 1 m, r.m.s., with an error of 1 cm.

A warning has to be done at this point: when formulas like (5.81) or (5.161) are
used in an extrapolation mode, i.e. for points P outside the area A, they give us
always optimistic values because outside A the actual residual gravity field might
not be well-represented, as for its statistical behaviour, by the same local covariance
that has been estimated form values in A only. As a matter of fact this is of no
great concern because numerical experience shows that already inside A, close to
its boundary, E?(P) and E*(P) increase to unacceptable values and the prediction
has to stop.

Remark 4. The above phenomenon can be understood qualitatively on the basis of
the following reasoning. Remember that the local covariance function is estimated
from empirical values and we have agreed that those have to become small at
angular distance ¥ > A for some A much smaller than the size of A. Accordingly,
exploiting the possibility illustrated in the Example 5, we can model the theoretical
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Fig. 5.10 A the set covered

A

by data; A? the set where A

data give some information; A

A the set where a good

prediction can be performed A,
y=4y=A

local covariance to have a finite support, i.e. to go strictly to zero on the sphere,
when ¢ > A.

So, assume one has to perform a prediction at P, on the sphere, from observed
values T'(P;).

We see that outside the set A4 = {P ; ¥pg < Aforsome Q € A} (see
Fig.5.10) the l.s.c. predictor of ?(P) is ?(P) = 0. In fact if the observation
points P; are all in A and P is outside A2 Yp p, > 0, Vi and then /f(P), written in
the form

N
T(P)=) &CWrp) (5.162)

i=1

is indeed zero. On the contrary, if we are well inside A, depending on the density
of data and on the signal to noise ratio, we can have a good prediction of 7. Let’s
reason now on a belt for instance of width A in 4, i.e. in A\ A, with Ay, = {P €
A Ypo < A= Q € A}. We expect that important information for the prediction
of T(P) is lost when P € A\ A, and correspondingly the prediction error becomes
higher (see Fig.5.10).

The above reasoning, though not rigorous, gives an idea of what happens in
reality. A few exercises at the end of the section will be useful to the reader to
enter into the subject.

Now that we have roughly agreed how to settle the prediction domain in a
horizontal direction, we have to address the problem of the vertical dimension of
this domain. The following trivial example can help in grasping the problem.

Example 7. Assume that T'(P) has covariance function

2

+o00 R n+1
cr.0)=3 e (WQ) Pu(cos Vo)

assume that at O, with rop = R, we have observed T7'(Q) without noise and we
want to predict 7 (P) along the radius passing through Q. By applying (5.70) with
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evaluation functionals and one observation only we get (note that ¥pp = 0 and
Py(1) =1

T(P)=C(P,0)CT(Q.0)T(Q)

+o0 (R)n-l-l
> el
n=m rp

S —a— )Y (5.163)

and the corresponding relative error from (5.161) is

o0 (R )n+1 2
DI
2 n=m rp
&) =1- +o0 +o0 242 (5.164)
Yo Ya(r)
rp
n=m n=m
If we take the limit for rp — oo of (5.164), we receive
lim &(P)=1- " 5.165
rpl—I>noo r( )_ - “+o0 ( : )
Cn
n=m

Then we expect &,(P) to be close to 1 when rp increases, i.e. P moves to the
zenith of Q. For instance take for ¢, the simple model

ey =h"

with & close to 1, then we see from (5.165) that
EX(P) — h

i.e. the relative error becomes almost 100%. So if we fix a threshold for &, then we
will find an upper limit for the height where our solution is acceptable.

The phenomenon, highlighted in the Example 7, has general character and is
basically related to the fact that if Q; are observation points with g, = R and P is
taken on a higher sphere, rp > R, then C(P, Q;) is modified by multiplying ¢, by
R n+1
rp
and to damp the high frequencies so that the shape of the covariances is flattened. In
turn this implies that we need more measurements distant from the prediction area,

to perform a good prediction job. Accordingly we understand that data on a larger

the factor ; this corresponds to giving more weight to the low frequencies
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area are needed to make a prediction with fixed relative error. Or, equivalently, when
we rise in height the area of valid predictions has to be reduced.

Remark 5. Another way to approach the “localization” of the approximation to T
is to push even further our simplification of reference model to arrive to the so-
called planar approximation, where the reference gravity vector is always pointing
to a parallel direction. Also in this case the collocation concept can be applied with
the advantage of having available the Fourier transform machine (see Chap. 10 of
this Part II). An interesting connection can then be established between planar and
spherical covariance functions (see Forsberg 1987).

5.11 On the Optimal Combination of Global Coefficients
and Local Observations

The procedure of removing from the anomalous potential, and all the corresponding
observables, a global model 7), and then applying to the residual part 7, the
collocation prediction, based on data in a local area 4 only, as explained in Sects. 5.8
and 5.10, is not strictly rigorous. As a matter of fact one should apply the W.K.
principle to a full combination of the available information, namely the local data
and the global model coefficients. Beyond the rigor, one of the advantages of
proceeding along this line is that we can overcome the request that 7, (P) be of
zero average on A; such a request in fact is sometimes restrictive, specially if we
have to predict the potential with high accuracy in a small area.

So we assume we have performed only a smoothing for the high frequency
residual terrain correction and we call again 7' (P) the remaining unknown potential.
Then we consider as given information a set of local observations

Yi = Mi(T) + v, (5.166)
1=12...J

with 7" a random field with a global covariance

R

2
rprQ

400 n+1
Crr(P.Q)=C(P.Q) =) cu(T) ( ) Pu(cosypg)  (5.167)
n=2

which for the moment we consider as known. As usual v; are observation noises
with zero mean and a known covariance matrix C,, moreover v; are independent
of T'. In vector from we write (5.166) as

Y = M(T) + v (5.168)
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with first moments specified as usual by
E{Y} =0, Cyy = CM.M') + C,,. (5.169)

In addition we shall assume to know the harmonic coefficients of 7" to some
degree N, namely

TM = Tom + Tum (5.170)

—-n<m<n;n=2,...,N.

In (5.170) T,,, are the true harmonic coefficients of 7', that we write as linear
functionals

1
Tom = e / T(R,%,A) Yy (0, \)do = H (T) (5.171)
s
and t,,, are the errors of the known coefficients on the nature of which we shall
comment later on. We find it convenient to vectorize (5.170) as N — 1 vector
equations, namely

™ =T, + 7, = H,(T) + 7,. (5.172)

The error vectors 7, are assumed to be of zero average and to have covariance
matrices

G, = E{t,T'}; (5.173)
moreover, though not essential, we shall assume that
E{t,t}} = 6uG,. (5.174)

i.e. T, and T, referring to different degrees are uncorrelated.

Furthermore we assume that all T, are not correlated with the random field
T(P), E{T(P)t,} =0.

In addition, although it is possible that the same observations Y have been used
too in the estimate of Tfl"[ , since in this case they are mixed with a much larger
data set coming from everywhere on the earth, outside A, we shall assume that the
correlation of t,, and Y is zero, namely

E{Yzl} =0. (5.175)
In principle predicting by collocation any functional L(7") of T is nothing new,

however the specific form of the functionals H,, and their covariance and cross-
covariances with Y are such as to provide the solution in a very suggestive form.
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So deciding to limit ourselves to L p(7") = T (P) and so to search the predictors
in the form

N
T(P)=A'Y+) a,T) (5.176)
=2

we can construct directly the normal system for the unknowns A and {e,}. To
do so it is convenient first to compute some cross-covariances. For the sake of
convenience, to follow the vectorized notation (5.172) we can put

+oo n +o00
n=2m=-n n=2
implicitly defining S,,.

Then we have, recalling that o> = ;’;(Q,

E{(T)) (T}')'} = C(H,, H)) + G8,¢ (5.178)
= E{T,T}} + Gu8uc = (0,1 + G)due.

E{Y (TM)'} = C(M,H!) = E{M(T)T} (5.179)

+o00

= E{) MES)TT,; =0;M(S)).

=2
E{YT(P)} =CM, P), (5.180)
E{TYT(P)} = C(H,, P) = 07S,(P). (5.181)

Since the normal equation system has general form
N
CyyA + ZCYTZMOL[ =Cyr
=2 (5.182)
CT,,MYA‘ =+ ZCT,,MT[M“[ = CT”MT
(=2
n=2,...,N),
by using the specifications (5.178) through (5.181) we find
N
CyyA + ) ofM(Spay = C(M. P) (5.183)
=2

o2 [M(S)I'A + (021, + G)a, = 62S,(P). (5.184)
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The partitioned form of this system suggests to solve (5.184) with respect to &,
and then substitute back into (5.183). In this way, posing

I, =o(c?l, + G, ", (5.185)
@, = I,S,(P) — [,[M(S))] A, (5.186)
we find
(Cyy =) o {[M(SPITLM(S)] HA (5.187)
=2
N
= C(M, P) = ) oM(S))I'S¢(P).
=2

As we see, we have now a unique equation in A, i.e. (5.187). In order to better
understand its meaning we set in clear the components of the relevant matrices and
vectors. We have

{IM(S)ITE[M(S)]' 5 (5.188)

¢
= Z Mi{Su(Pi) e in M [Sen(P))]
k=t

¢
=M; {M;{ > TiwnSu(P)Sen(Py)

kh=—L
So, if we call
N
Cr(P,Q) =Y 0/Sy(P)[1Si(Q) (5.189)
(=2
we can state that
N
> ol M(S)IM(S)) = Cr (M. M), (5.190)

(=2

Similarly

N
Y o?M(S)[1S(P) = Cr (M., P). (5.191)
(=2
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so that (5.187) becomes
[Cyy — Cr(M,M")]A = C(M, P) — Cr(M, P). (5.192)
To further elaborate on (5.192) we find
Cyy —CrM,M') =CM,M') — Cr(M,M') + C,, (5.193)
The (5.193) suggests the introduction of the reduced covariance

+00 +00
C(P.Q)—Cr(P.Q) =Y oS|(P)S«(Q) — Y 07S{(Q)I1S:(Q)

=2 =2

+o00
=Y Si(P)of(I — I1)Si(Q) = C(P. Q). (5.194)
(=2

where (5.194) we have implicitly introduced the convention that
Ii=0{>N (5.195)

so as to extend directly the summation to infinity.
Another remark on (5.194) is that C (P, Q) is a true covariance function because
the matrices cr{z(l — I7) are positive definite.
In fact, recalling (5.185),
of(I = I) = of[(0¢ Ie + Go) ™' (0 I + Go) —0f (071 + G) ']
= 0{ (01 + GG = IGy. (5.196)

Since I — I, is symmetric and Iy, G, too, one has that [yG; = G,I; implying
that (5.195) can be written as

ot — ) = G nG6? (5.197)

thus showing the positive definiteness of I — Iy.
With the help of (5.196) and (5.194) gets the form

N +o00
C(P,Q) =) Si(P)GIiSi(Q) + Y oiSi(P)Si(Q)  (5.198)
0 {=N+1

Remark 6. Let us assume that the errors of the model coefficients, 7, have further
covariances that are proportional to the identity, i.e. these errors have the same
variance per degree and are independent, then one can put
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2

&y Cy )

2 2 4
GZZO'TZIZ 1,0[:—,1}:,0@1,/)(:

20 +1 20+ 1 o} + 07,

and one finds

2

N {+1
C(P,Q) =) peee ( ) Py(cosypo)
=2 V‘PV‘Q

2

£+1
) Py(cosypg). (5.199)

+o00
+ Y ) (

rpr
(=N+1 Pro

This is an almost perfect counterpart of (5.139) and (5.140) with the difference
that here we are using the reduced covariance of 7', there the local covariance of Ag.
The most remarkable difference between (5.199) and (5.139) is in the factors

2
pr = 62:_# multiplying the error degree variances.
¢ 124

On account of the identity

2.2 2
prer = ;0,20 +1) _ %% ¢ = yice
o} + 0% o? + 0?2
we see that (5.199) can be written as well as
+o00 2 {+1
C(P.Q) =) jyecu(r) ( ) Pu(cos ¥po) (5.200)
rprQ

(=2

if we agree that y; = 1 when £ > N. The form (5.200) shows clearly that the role
of the error 7y, is to turn down the degree variances of 7" when the ratio signal to
noise is high while it leaves ¢, unaltered for the high degrees of the model where afé
becomes larger. Note however that if we stop the model at N such that crrz,z = o7,
when £ = N, then we have yy = %

Another remark is that the degrees above N in (5.199) can be modelled on the
basis of local data as described in Sect. 5.8 of this chapter.

In terms of C our reduced normal system (5.192) becomes
(C(M,M) +C)A =C(M, P), (5.201)
implying the solution of a classical collocation normal system with covariance

C (P, Q). Once A is found form (5.201), we can go back to (5.186) and we can
write

ol =S (P)I, — A'M(S.)T,. (5.202)
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Therefore (5.176) gives

N
T(P)=A'Y+) S/(P)ITY +
n=2
N
—A'M (Zs; r,t™ ) : (5.203)
n=2
This suggests to introduce a modified model
+o00
Tr(P) =) S,(P)I,T) (5.204)
n=2
so that (5.203) writes
?(P) =AY - A'M(Tr) + Tr(P) (5.205)

= A{M(T = Tr) + v} + Tr(P).

So our optimal solution is in fact the result of a remove-restore procedure, where

the optimal model to be used however is not simply
N

TM(P) =" (TM)'S,(P). butrather Tr(P).

n=2
It is noteworthy that in accordance with this interpretation, the normal equation

f_or A, (5.201), can be viewed as an ordinary collocation equation if we observe that
C (P, Q) is in reality the covariance function of T — T = v(P). In fact

N
w(P)=T—Tr =Y 8, (P)I—I)T, + (5.206)

n=2

N +o0
=Y S(P)Lira+ Y. SL(P)T,

n=2 n=N+1

so that, by covariance propagation

N
Co(P.Q) = S, (P)oy(I — I})’S,(Q) (5.207)
n=2
N +o00
+Y SUPILGISH(Q) + Y 0,8, (P)S,(Q).
n=2 n=N+1

With the help of (5.196), it is not difficult to prove that
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o2(I - I))* + G, T, = I,G,(I - I)) + I,G, T,
=TI,G, = G,T,, (5.208)

so that (5.207) is identical with (5.198). Let us observe that the covariance C (P, Q)
in general is not isotropic unless the conditions G, = atzll , studied in Remark 6,
are satisfied.

Therefore C (P, Q), in the low degrees components, should not be empirically
estimated in the usual way if the mentioned conditions are not fulfilled. In fact, if
we do so, we loose information on the stochastic structure of .

Although the ideas presented in this section have been formulated since some
years their implementation in numerical tests is relatively recent (Pail et al. 2010).
These however have given good results in both cases, the estimation of global
enhanced models or the prediction of very local geoid models. In this respect we
have confirmed the guess that the hypothesis of zero local mean value for Ag, is
not required in the present situation.

A final point is worth mentioning, on the interpretation of 7, i.e. errors in the
model coefficients. These errors have been usually interpreted as the propagation
to Té” of the noise present in the observations used in their estimation. This certainly
accounts for the difference of Té” with respect to the true 7y. This point of view has
been taken up in Sect. 5.8.

However when we model a local covariance function and we compare the
statistical behaviour of the low degrees coefficients between their global definition
and their local appearance in the area A, we might find a considerable difference
between the two, specially on account of the dimension of A. In this respect,
consider that an area of 10° x 10° is just # times the area of the whole sphere.
Although there are in literature examples of attempts to model even globally non
homogenous covariances (Rummel and Schwarz 1977) we feel that the subject is
far from being settled. So we just state here that, the way in which this kind of
variability, that is reflected into a localization error for T, could be included and
accounted for into our data analysis, will be object of future research.

5.12 Exercises

Exercise 1. Let (r) = (xi,x2,x3) be a Cartesian coordinate system and (r') =
(x}, x5, x5) another Cartesian system rotated with respect to the first. Assume that
T(r) = T(x1,x2,x3) is a harmonic function in an open set £2, that the rotation
transforms into the open £2’. Put

v(xy, x5, x5) = Tx1(x), x2(r'), x3(x')] ;

prove that v(x], x, x}) is harmonic in £2’.
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(Hint: note that
v[r'(n)] = T(r)
and observe that
x{ = ZxRixxx,

where R = [R;«] is the rotation matrix between (r) and (r). Recall that R'R = I.

Compute X 33—52 T by using the chain rule and prove that
’T 9%y
Yy =
" ox? g ax,’f)

Exercise 2. Compute in spectral form and in spherical approximation the following
covariances and cross-covariances

C8g5g(Ps Q)? C&gAg(Pv Q)s CT&g(Pv Q)s
Cr,1,, (P, Q), Cr, 44(P, Q).
Furthermore, put Ty = %T(P) and compute Cr, 7, (P, Q), following the last

calculation of Example 4.

Exercise 3. Recalling the definition (5.148), assume that
Cr
n4+1"’

pr(n) = (5.209)

show that the corresponding degree variances of 7 and Ag are

n+1
en(T) = <7 (R%)

(n+1) \ R2
_Crm—1? (Ry\'"
cn(Ag)—R—%(nH)-(ﬁ) .

(Hint: compare (5.130), (5.135) and (5.138) with (5.147) and recall the relation
(5.104)).

Exercise 4. Consider the covariance function of 7 when (5.209) holds; prove that

—t+ G (s, t 1
Crr(s,t) = Cr [logsl—t(s) _s— —ts2i| . (5.210)
n+1 s
(Hint: note that 1 = 0" do; use this in (5.148), exchange integration and
n 0

summation and use (5.149) and (5.152)).
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Exercise 5. Prove that, with the covariance (5.210),

0
Crsg(P. Q) = _ECTT(SJ) (5.211)

— Cr (G (s, 1) — 1 — 1]
rp
9
Cogsg(P. Q) = —5 —Crag(s.1) (5.212)
ro
C
= R—gsz[a —15)G3(s,1) — 1 —2t5] ;

B

then find the corresponding crosscovariances and covariances Crag, Cagag, by
propagation through the linear relation

2
Ag(P) = 8g(P) — TP, (5.213)

Exercise 6. Put into (5.210) rp = rg = R = 6,371 and Rp = 6,361; moreover,
compute the covariance at the origin, i.e. ¥ = 0 = ¢ = 1, and impose that

o*(T) = y*0*(N)
= 9782 Gal?>- 17 m? =~ 0.956 - 10° Gal®> m?

Crr(s,1)

show that in this case
Cr = 0.224-10° Gal* m*.
By using this value in (5.212) show that
Csgsg(s, 1) = 559107 Gal?
i.e.
o(6g) = 23.6 mGal.

In other words a mean square geoid of 1m with the spectrum implied by (5.209)
corresponds to a mean square gravity disturbance of 23.5 mGal.

The reader is warned that these numbers do not refer to the true gravity field but
they are just realistic.

(Hint: note that if one puts # = 1 in (5.210) one gets the indefinite form
Therefore the limit for # — 1 has to be computed by the de 1’Hopital rule.)

0
0

Exercise 7. Assume that two values of geoid N_;, N; are observed without noise
at —1 km and 1 km from the origin respectively (see Fig.5.11).
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Fig. .5.11 Observed anfl N, ﬂo N, ﬂz
predicted values according to

the exercise T T T
2

-1 0 1

v

Assume that the covariance of N along the axis ¢ (cf. Fig.5.11) is given by

C([lth) — q‘f‘ — e_alfl

1
T=t—0f, a=Ilog—, g<l.
q

Prove that the optimal prediction N (t)att = 0andt = 2 is given by

N(0) =

=g (N-1+ N

N@) =qN
and the corresponding quadratic prediction errors are
24>
1+q°
EQ)=1-4>

&0y =1-

Note that E*(2) > &?(0) because the extrapolation error is larger than the
interpolation error. For instance, with g% = % one has E2(0) = %, & (2) = %

Exercise 8. Assume that the geoid N (¢) along a section (line) has covariance

P
C(ti,h) =e ™

T=10NH—10.

Assume that one has observed at ¢ = 0 both the geoid Ny = N(0) and its
derivative &g = ‘2—7(0), i.e. basically the deflection of the vertical changed of sign.
The observation noises have respectively standard deviations oy and o,.

Compute the prediction N(¢) and the corresponding prediction error for every ¢
and verify that

_ 1 2
N(t):e_‘”z[ No+ —2 soi|

T
1+02 " 20402

1 4o
B =1 [l ]
l+oy 2a+o0;
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. . 2
(Hint: first compute for any ¢y, ¢, the functions C(¢y, 1), %C(ll, 1), ﬁC(rl, 1)
and then putt; =1, = 0.

Note that in this way C(N(0), £(0)) = %C(tl, t) =0.).
t

1=0=0
Exercise 9. We use the same symbols and the same covariances of Exercise 5.
Assume one has measured without noise §g ata point Q, putt = cosY'pp,7p = R,
and predict N (P) forevery P. In particular prove that, choosing P = Q (i.e.t = 1)
one has

~ o _T(©Q) _Rp (1-5)
MO == = T a—wa o ¥ @

6
1, s

2 T = (=921 + 29)]

We want to prove the relation (5.98), sending the interested reader to the literature
Moritz (1980) and Sanso (1986) for the distribution of the vector T(w).
We have

Y Th(w) = # / dopT(R,P) / dooT(R,Q) (5.214)

m=—n

Y Yum @ Ap)Yam(Po. Ao)

m=—n

2n + 1

= (471')2 /dGP/dGQT(RwP)T(RwQ)Pn(COSI//PQ)

2n + 1 ) /
= (’:171)2 /dO’P//dO’Q/T(P YT (Q")Py(cosyrpror) ;

the last equality is justified because ¥ pg = ¥ p/o/ and the double integral over
the sphere can be performed with any angular coordinates giving always the same
result.

Now we organize the double integral in (5.214) as follows; first fix P’ and let
Q' circulate around P’ at a distance ¥ prg = ¥ then integrate in dops; then we
finally let v to vary from O to 7. We get, putting dogs = sin ydyda into (5.214),
recalling also the definition (5.38) and using (5.94),
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Y Th(w) = @ / " iy sin P, (cos 1) - (5.215)
0

m=—n

i [ dow L oy TOOT @)ty

2n+1

/ A sin Y P, (cos Y)C(W) = .

as it was to be proved.

A2

We want to prove formula (5.156), providing the explicit form of Kg(s,?) and
K_5(s,1). We first expand (5.157) into the sum of fractions, with the identity

n—1 _B+1 1 N 1 1
(n—2)n+B) B+2n+B B+2n-2

so that we can write

CAgAg(S,l) =A

+o00 +o00
B+ 13X gnt2 1 2
—E Pu(t) + — n(t)
B+2 —n + n+ B B+ 2

=4 % B+l S Ki(s.0) + —K_z(s z)} (5.216)

We compute at first the last term:

+oon2

K—Z(S7t) = 42
5 Foo
= / Zo”_3P,,(t)da
=3
= s /S 1 JrXO:OU”P (t) —1—0t — 02 Ps(t)
0 03 n=0 ’

= s4/ % {G(o,1) — 1 —0at —0?Py(t)} do
o O

SPa(0) (5.217)

2 1—st+G7l(s,t
:%[1+21s—(3ts+1)G_l(s,t)]—s4P2(t)10g u +2 (s,0)

+S4712—1
T
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The last integral is calculated with the help of mathematical tables adjusting the
integration constant in such a way that both members of (5.217), multiplied by 54,
tend to O when s tends to 0. As for the first term one writes, assuming B > 0,

n+B

+oos
Kp(s.1) = s2°B
B(s,1) =s ;n—i—B

P, (1)
5 Foo
52 B/ Zo"“? 'P,(1)do (5.218)

s 400
= sH‘/ B! {Za"P,,(t)—l—ot—osz(t)
0 n=0

2-B Bl d 52 s? s*
=5 G(o,t - = t
s /0 (0.)do =5 = 5= B+22()

Now the integrals
Iy = / 0BG (o, 1)do (5.219)
0

can be computed, for integer values of B, by exploiting a recursive relation, namely

k 1
B . Qk-1) k-1
Tt = —k G, 0) + Tt = L (5.220)

which is derived from the identity

0

% [s*1G7"(s.0)] = [ks* — 2k — Des* ™" + (k — 1)s* 2] G(s. 1), (5.221)
s

integrating both members from O to s and re-arranging. In order to trigger (5.220)

we need two initial values of [y, for instance I, [;. But /| has already been given

in (5.152) and I, is easy to compute since, recalling (5.151),

I, = / 0G(o,t)do = / (0 —1)G(o,t)do + t/ G(o,t)do
0 0 0
=G (s, 1) =1 +11. (5.222)

The relations (5.216), (5.217), (5.220), (5.152) and (5.222) all together give the
explicit form of the covariance function of Ag for every integer B. For a global
use of this covariance the model (3.181) coming from the best fit of EGMO0S degree
variances between degrees 180 and 1,800, can be used, with the only warning that
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in (3.181) one has E% =y (%), whereas we treat here ¢, (Ag) related to the former
by the relation

£—1)? —1)2 (GM?
cn(Ag) = ( _2) en(T) = %(_—2) ;. (5.223)
R R R

We notice by the way that also the improved model (3.178) transformed
according to (5.223) can be added by applying exactly the same methods presented
in the Appendix and the decomposition

(-1 _L 1 s s
(C—2)l+4)(+17) 114 -2 " 780+4 247 £+17

(5.224)
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