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Variational structure of inverse problems in wave propagation
and vibration

James G. Berryman

ABSTRACT

Practical algorithms for solving realistic inverse problems may often be viewed as prob-
lems in nonlinear programming with the data serving as constraints. Such problems are
most easily analyzed when it is possible to segment the solution space into regions that are
feasible (satisfying all the known constraints) and infeasible (violating some of the con-
straints). Then, if the feasible set is convex or at least compact, the solution to the problem
will normally lie on the boundary of the feasible set. A nonlinear program may seek the
solution by systematically exploring the boundary while satisfying progressively more
constraints. Examples of inverse problems in wave propagation (traveltime tomography)
and vibration (modal analysis) are presented to illustrate how the variational structure of
these problems may be used to create nonlinear programs using implicit variational con-
straints.

INTRODUCTION

Although the most common method used to analyze inverse problems is perturbation theory
and/or linearization, it is generally recognized that most inverse problems of practical interest
are mathematically nonlinear. The inherent nonlinearities lead to the necessity of distinguish-
ing local minima from global minima. Optimization methods based on objective functionals
typically produce “solutions” that minimize the functional “locally” +e., in the vicinity of

the starting point of the minimization process. The methods discussed in the present paper
have been developed specifically to improve our insight into the structure of certain classes of
nonlinear inverse problems. Furthermore, once this structure is understood, methods of solu-
tion of the inverse problems using nonlinear programming methods are immediately suggested
by the particular variational structure observed. The first example presented uses vibration fre-
guencies of a taut string to deduce its mass distribution. The pertinent variational principle for
this problem is Rayleigh-Ritz. The second example uses traveltime data to deduce wave ve-
locity using Fermat’s principle of least-time. The remaining examples use frequencies of free
oscillation of the Earth to deduce density and elastic parameters. The pertinent variational
principle is again Rayleigh-Ritz, but significant differences in the variational structure arise
between these examples and the string density vibration analysis problem. The structures pos-
sessed by members of this set of problems appears to span the range of possible variational
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Modal analysis for string density
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Figure 1: Density distribution of the string may be determined by analyzing the eigenfrequen-
cies associated with its modes of vibration.

structures and provides some new insights into potential inversion algorithms for some of the
problems.

STRING VIBRATION ANALYSIS

The equation of vibration for a simple string is

32u 92U

wheret is the time x is the spatial coordinate of the string along its lengitx) is the density
distribution of the stringT is the tension in the string (assumed constant), @&mct) is the

normal displacement of the string from its equilibrium position as a function of both position
and time. The ends of the string are fixed, so the boundary conditiong®te= 0= u(1,t).

| assume that the string’s temporal motion may be decomposed into its Fourier components
so that | may study standing waves on the plucked string. The time dependence is assumed to
separate out in one of the forms &it) coswt, or exp wt, wherew = 27 f is angular frequency

with dimensions of radians/sec, whifeis frequency inHz. Then, the equation (1) reduces to

0

—C()Zpu :TUXX! (2)

where | have now introduced the subscript notation for derivatives suctughatou/ox,

Uxx = 9%U/3%2, etc. | assume that the tensidnin the string is known, but the density dis-
tribution p(x) of the string is unknown. Our goal is to determine to what exigr) can be
determined using knowledge of modes of vibration of the string. In particular, | assume that
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some measurements of the vibration frequencies for standing waves have been magle. Let
be the eigenfrequency angl(x) the eigenfunction of the-th Fourier component fan > 1.
Highern corresponds to eigenfunctions with more internal nodes,n = 1 has no internal
nodes,n = 2 has one internal node, etc. Then, after choosing unit terisienl, | multiply

(2) by un(x) and integrate along the length of the string to show that

fol U%'X(X) d X
Jo p(QUR(x)dx

To arrive at (3), | integrated once by partfuunxxdx = — [ uz, dx) using the fact that
Un(0) = 0 =un(1) to eliminate the boundary contribution. Equation (3) is an identity satisfied
by then-th eigenfrequency and relating it to the integrated properties of-thesigenfunction.

Now the Rayleigh-Ritz method for characterizing eigenvalues [Courant and Hilbert, 1953]
may be applied to the string problem and it shows that

Jov2, (x)dx
S p(xv2(x)dx’

wherefR is the Rayleigh-Ritz quotient withy (X) being any trial function satisfying the bound-

ary conditionsv1(0) = 0 = v1(1) whose first derivative with respect xois finite everywhere

along the interval containing the string. When the string density distribyt{ghis known,

the Rayleigh-Ritz method may be used as a numerical method for finding estimates of both the
eigenfrequencw; and the eigenfunction; (x); the theory shows thaR[p,v1] = wf(p) if and

only if v1(x) = u1(x) almost everywhere. Similarly, if | impose constraints on the trial function
such as requiring,(x) to haven — 1 interior nodes [Coddington and Levinson, 1955], then

(4) generalizes to

w3(p) = 3)

®2(p) < R[p,v1] = (4)

Jo v (x)dx
oy p(X)v2(x)dx

The characteristic frequencies (ths) are those defined in (3) for the higher order modes.

I will sometimes refer to the equations (4) and (5) as the “forward problem,” since in these
equations | assume that the density distribution is a known quantity. The “inverse problem”
is the harder problem of taking measured values of the eigenfrequenceasl attempting to
solve for the unknown density distributigr{x).

w3(p) < R[p,vn] = (5)

Feasibility analysis

There are two tricks that make it possible in some cases to use the variational functionals to
analyze inversion problems. The first trick is a result of what | call the “scale invariance”
property of the eigenfunctions in certain problems. For a given density distribpitéord its
corresponding eigenfunctiar{x), the only effect of multiplying> by a constany is to change

the eigenfrequency by the factof Jy. This result follows since

Rlyp,u]l = R[p,u]/y, (6)



4 Berryman SEP-84

Scalingp to find boundary point

Density modej Vibration datew
infeasible
Pj 1/an

Figure 2: Feasible part of the density space is determined implicitly by the explicit boundaries
defined by the frequency data.

which implies that(yp) = w(p)/,/v . | conclude that each eigenfunctiafx) is determined

only by the relative variations in the density, not by the absolute scale. The second trick is
a result of the linear dependence of the denominator of the Rayleigh-Ritz functional on the
density distributiorp. | take advantage of this linearity jnwith greater ease by working with

the reciprocal ofR, so | first note that

1 [p(x)v3(x)dx
Rlp,v]  [vZ(x)dx

Now, if I have made measurements of some of the eigenfrequencies of the string, | can ask the
following question: Are there density distributions that violate the inequality in (7)? That is,

if I try to compute the left hand side of (7) using an arbitrary trial density distributior),

when will the inequality be satisfied and when will it be violated? | use the answers to these
guestions to define two distinct classes of trial model density distributibgs

<o ¥(p). @)

< wﬁ(p) for each measured frequeney, thenz(x) is feasible (8)
R[t,vn]

However,

if > wﬁ(p) for any measured frequenay;, thent(x) is infeasible (9)

ﬁ[tv Un]
As defined here, the conceptsfefisibleandinfeasibletrial density distributions depend ex-
plicitly on the available datay, and implicitly on the trial functions,(x). However, it is also
possible to show [Berryman, 1991] that universal (global) feasible and infeasible sets exist that
are independent of the particular trial functions chosen (dependence on the particular choice
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of the subset of those measured frequencies which are used in the analysis still remains). The
concepts ofeasibleandinfeasiblesets are commonly found in texts on nonlinear program-
ming methods [Fiacco and McCormick, 1990]. Since the method | develop for solving the
inverse problem is a type of nonlinear programming method, it is not surprising that these
concepts also arise in the context of numerical methods for solving inverse problems. Now,

| derive a very useful property of the class of feasible density distributions. Consider some
trial eigenfunctionv(x) and twofeasibletrial densitiesry(x) and w(x), which therefore (by
assumption) satisfy

<o ¥p) and <o ¥(p). (10)

R[ta,v] — R[th, V]

Let A be a number in the range©A < 1. Then, taking a linear combination of the two
expressions in (10) gives

e
R[ta,V] + R[tp,v] ~ o~ (p). (11)

But, the left hand side of (11) may be rewritten as

f [ 7a(X) + (1 — 1)1 (X)] v3(X) d X 1
= : (12)
[ v2(x)dx R[1,V]
where | have defined the convex combination of the trial densities to be
T (X) = Ata(X) + (1 — A) 1p(X). (13)
Combining (11) and (12) shows that
<o ?(p). (14)

eR[-E)uv] N

But any trial function that satisfies the analog of (14) for all frequencies considered from the
measurement set is by definition feasible. Sa, (k) andzy(x) are both feasible, their convex
combinationr, (x) is also feasible. The definition of a convex set is this: a set such that the
convex combination —e.g, 1, = Ata + (1 — A)tp, — Of any two members is also a member

of the set. So, this fact implies thtite set of all feasible density distributions for a given set

of vibration data (and a given set of trial eigenfunctions) is a convexlsegeneral, convex

sets are very useful in computations because they are often compact and always have smooth
boundaries. Now, the first trick (scale invariance) plays an interesting and important role in the
analysis. Suppose | have any trial density distributipand | have found the eigenfunctions
un(x) and eigenvalues,(z,) associated with this distribution. Then, the eigenfunctisy(x)

are also the eigenfunctions for all densities of the ferm(x), wherey is an arbitrary positive
scalar. It is not hard to show [Berryman, 1991] that there always exists a chojce-gf,

such thaty,y(x) lies exactly on the boundary of the feasible set for the inversion problem.
It follows then that, ify <y, the densityyt, lies in the feasible part of the model space;
while, if y > y,, the densityy r, lies in the infeasible part. This characteristic of the feasible
set allows us to produce a simple geometrical interpretation of the feasible set. In particular,
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for the vibrating string inversion problerthe feasible set of model densities is compact and
occupies a convex region in the neighborhood of the origin of the model §pacenear

p(x) =0]. | easily prove this statement. First note that a mass density must be nonnegative, so
the physical model space is the convex set (actually a cone) of all possible nonnegative density
distributions. Then, by taking the trial eigenfunction tothéx) = sins x with the trial density

7(X) = 10 (constant), and noting that

1 rofsinznx dx 1o (15)
Rlto,v1] 72 cofrxdx w2
satisfies the feasibility constraint if
10 < w20 %(p). (16)

The first measured eigenfrequeneoy then determines an upper bound on the valueqof
for constant density models. For nonconstant models such as the two component string with
T(X)=t1afor0<x < % andrt(x) = tp, for % < X <1, the same argument shows that

1
1 ‘L’af02 S TXx dx—+ rbf%lsinznxdx Tt

2
= = < w;“(p). (17)
R[t,v1] n2f0100§nx dx 2m2 !

Thus, (17) show that, is bounded above by the straight line
1 < 21207 4(p) — Ta, (18)

producing tighter bounds ot} ast, increases. Whem, = 1, this problem reduces to the
constant model result found earlier. These simple examples can be used to produce further
restrictions on model densities. Although the analysis presented is fine for the lowest eigen-
frequency, complications arise for the higher frequenaigsfor all n > 2. For these higher
eigenfrequencies, the Rayleigh-Ritz functional requires some constraints on the trial eigen-
functions (.e. for wy, the trial functionv, should be orthogonal to the eigenfunctiang

for m < n). These restrictions on the eigenfunctions guarantee the existence of correlations
between the model and the trial eigenfunctions that would be neglected if we tried to make
direct use of the preceding analysis for the higher order eigenfunctions. | will show what the
consequences of these correlations are when | present the general analysis of variational struc-
ture for inverse problems later in the paper. The main result will be that a feasible set for the
Rayleigh-Ritz variational problem still exists, but it can be nonconvex when the variational
functionals become nonlinear as they do when such correlations arise.

Algorithm

Now | describe a general algorithm for solving the inverse problem for a two-segment string.
This algorithm involves a lot of forward modeling, but will always produce a good approxi-
mation to the solution. First, note that the symmetry of the problem guarantees thatj (
solves the problem then so does, ¢1). (I am presently considering only the frequencies as
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Mapping the feasibility boundary

Density modej Vibration datew
infeasible infeasible
02 - 1/wo
01 /w1

Figure 3: By scaling many density distributions, the location of the feasibility boundary can
be mapped.

data. This nonuniqueness of the solution can be easily removed by considering the eigenfunc-
tions as data as well.) Thus, | only need to consider half of the positive quadrant, say for
models such that; > 1o. Then, picking models evenly spaced in angle for (say) 10 angles up
to0 =m/4, S0 (1, 12) = (10 COH, 19 SINO) With 6 = /40,7 /20,... ,7 /4. (The precise value of

70 does not matter, since these points will eventually be scaled onto the feasibility boundary.)
Having chosen a set of initial points, | now do forward modeling on each of these string mod-
els. After scaling to the feasibility boundary, | check satisfaction of the data and pick the two
adjacent points that best satisfy the data. Then, | divide the angular region bracketed by these
two angles into 10 smaller angles, and repeat this process until | have a satisfactory solution.
The algorithm just described is basically a “shooting” algorithm for the inverse problem. The
algorithm just described is probably overly complex for the two component string problem.

It is not hard to show that the two lowest frequencies are enough to determine the densities
of the two segments (although not enough to tell which is which) when it is known that the
segments are of equal length. For such a simple problem, other algorithms that are more ef-
ficient could be devised to make optimal use of this information. The real advantage of the
approach becomes more apparent when we consider more complex models involving three or
more string segments. The inversion algorithm just described is easily generalized to many
segments of constant density and the resulting algorithm is complicated only by the need to
define an efficient means of choosing points in the model space for each forward modeling
phase of the calculation. It is also clear that algorithms of this type can easily be parallelized,
with an individual processor assigned to do a single forward modeling computation at each
step of the algorithm.
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TRAVELTIME INVERSION PROBLEM

A typical problem arising in seismic traveltime inversion in 2- and 3-dimensional heteroge-
neous media is the need to infer the (isotropic) compressional-wave slowness (reciprocal of
velocity) distribution of a medium, given a set of observed first-arrival traveltimes between
sources and receivers of known location within the medium [Dines and Lytle, 1979; Lytle and
Dines, 1980]. This problem is common for crosswell seismic transmission tomography imag-
ing a 2-D region occupying the plane between two vertical boreholes in oil field applications. |
could also consider the problem of inverting for wave slowness when the absolute traveltimes
are not known perfectly, as is normally the case in earthquake seismology for whole Earth
structure [Aki and Richards, 1980].

Wave slowness models

When a sound wave or seismic wave is launched into a medium, it takes time for the influence
of the wave to progress from a point close to the source to a more distant point. The time
taken by the wave to travel from one point of interest to the next is calledraveltime

The local slownesss the inverse of the local wave speed. It is most convenient to develop
inversion and tomography formulas in terms of wave slowness models, because the pertinent
equations are linear in slowness. | might consider three kinds of slowness models. | allow
the slowness to be a general functis(®) of the positionx. However, | often make one of

two more restrictive assumptions thgtthe model comprises homogeneous cells (in 2-D), or
blocks (in 3-D), withs; then denoting the slowness value of tfth cell, or block. Or {f) the

model is defined in terms of a grid with values of slowness assigned at the grid points together
with some interpolation scheme (bilinear, trilinear, spline, etc.) to specify the values between
grid points. Of course, as cells/blocks become smaller and smaller (down to infinitesimal),

I think of cells/blocks of constant slowness as a special case of continuous models, or of
continuous models as a limiting case of cells/blocks. When it is not important which type of
slowness model is involved, | refer to the model abstractly as a vedtoa vector space.

For a block model witm blocks, | haves = R", the n-dimensional Euclidean vector space.

A continuous slowness model, on the other hand, is an element of a function space, e.g., the
set of continuous functions of three real variables. No matter how | parameterize the model,
these models necessarily have far fewer parameters than the actual medium they are intended
to represent. Thus, these models are analogous to cartoons, trying to capture the main features
with the minimum of detail.

Fermat’s principle and traveltime functionals

The traveltime of a seismic wave is the integral of slowness along a ray path connecting the
source and receiver. To make this more precise, | define two types of functionals for traveltime.
Let P denote an arbitrary path connecting a given source and receiver in a slownessmodel

| will refer to P as atrial ray path. | define a functionat P, which yields the traveltime along
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pathP. Lettings be the continuous slowness distribut&(®), | have
P[s] =fs(x)d|F’, (19)
=]

wheredIP denotes the infinitesimal distance along the gatiFermat’s principlestates that

the correct ray path between two points is the one of least overall traveitené,minimizes

7P () with respect to patiiP. Let us define a second traveltime functionalto be the func-
tional that yields the traveltime along the Fermat (least-time) ray path. Fermat's principle then
states

(g = _min ”[d], (20)

wherePaths denotes the set of all continuous paths connecting the given source and receiver.
The particular path that produces the minimum in (20) is den&tedIf more than one path
produces the same minimum traveltime value, tRérdenotes any particular member in this

set of minimizing paths. Substituting (19) into (20), | hd&e¥mat’s principle of least time

*[9] :/ s(x)dIP”* :min/ s(x)dl.? (21)
P P Jp
The traveltime functionat *[g] is well-known to be stationary with respect to small variations

in the pathP*(s).

Seismic inversion and tomography

Suppose | have a set of observed traveltimgs,. . , ty, from m source-receiver pairs in a
medium of slowness(x). Let P be the Fermat ray path connecting itlle source-receiver
pair. Neglecting observational errors, | write

/s(x)dlpzti, i=1,...,m. (22)
P

Given a block slowness model, lgt be the length of theth ray path through th¢th cell:

lij =/ dif. (23)
pncell;

Forn cells, Eq. (22) can then be written
n
> ljs=t, i=1...,m. (24)
j=1

Note that for any given, the ray-path lengthk; are zero for most cellg, as a given ray
path will in general intersect only a few of the cells in the model. | rewrite (24) in matrix
notation by defining the column vectosandt and the matriXxM as follows: Equation (24)
then becomes the basic equation of forward modeling for ray equation analysis:

Ms =t. (25)
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Traveltime for ray path

16
= lijs
j=1

St S S3 ] 5 Receiver
/
lis lia
S5 S5 S7 S
li7
lis
S S10 S11 S12
lio lizo
Source /
°
$13 S14 S15 S16

Figure 4: Schematic illustration of ray paths through a cell slowness model.

Note that equation (25) may be viewed as a numerical approximation to equatiomg21),

it is just a discretized (or finite element) version of the equation. Equation (25) may be used
for any set of ray paths, whether those ray paths minimize (21) or not. If the ray paths used
to form the matrixM are actually minimizing ray path$4 is then implicitly a function of

the slowness moded. The methods developed apply to both two-dimensional and three-
dimensional imaging applications.

Feasibility analysis for traveltime inversion

The idea of using feasibility constraints in nonlinear programming problems is well estab-
lished [Fiacco and McCormick, 1990]. However, comparatively little attention has been given
to the fact that physical principles such as Fermat’s principle actually lead to rigorous fea-
sibility constraints for nonlinear inversion problems [Berryman, 1991]. The main practical
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Scalingsto find boundary point
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Figure 5: Scalings to find feasibility boundary point. Feasibility boundary in data space is
explicitly determined by the data. Feasibility boundary in model space is implicitly determined
through the traveltime calculation.

difference between the standard analysis in nonlinear programming and the analysis being
developed for nonlinear inversion is that, whereas the functions involved in nonlinear pro-
gramming are often continuous, differentiable, and relatively easy to compute explicitly, the
functionals in nonlinear inversiore(g, the traveltime functional) need not be continuous or
differentiable and, furthermore, are very often rather difficult to compute. Feasibility con-
straints for such inversion problems are generally implicit, rather than explicit. Equation (22)
assumes tha® is one of Fermat’s (least-time) paths and leads to the equalities summarized in
the vector-matrix equatiolls = t. Now suppose instead thBt is a trial ray path which may

or may not be a least-time path. Fermat’s principle allows us to write

/ s(x)dIP > t;, (26)
R

where now; is the measured traveltime for source-receiver paWhen | discretize (26) for
cell or block models and all ray pathsthe resulting set ain inequalities may be written as

Ms > t. (27)

Equations (26) and (27) can be interpreted as a set of inequality constraints on the slowness
models. Whensobeys thesen constraints, | say thatis feasible When any of the constraints

is violated, | says is infeasible The set of inequalities collectively are called fleasibility
constraints The concept of the feasibility constraint is quite straightforward in nonlinear
programming problems [Fiacco and McCormick, 1990] whenever the constraints nexy be
plicitly stated for the solution vector. However, in these inversion problems, an additional
computation is required. The feasibility constraints explicit for the traveltime data vector,
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Mapping the feasibility boundary

Models Datat

Sj t

Figure 6: By scaling many slowness vectershe location of the feasibility boundary in the
model space can be mapped.

but they are onlymplicit (i.e., they must be computed) for the slowness vector. This added
degree of complication is unavoidable in the inversion problem, but nevertheless it is also very
easily handled computationally with only very minor modifications of the usual nonlinear in-
version algorithms. Now supposg s, are two model vectors in the feasible set for a given
set of ray path$P}. Lets, = A5 + (1— 1)s; be the convex combination of these two vectors,
where 0< A < 1. Since, for each fixed ray path the traveltime functionat,” is a linear
functional of the slowness model, | have

5 (8) =27 (51)+ (1—2)5" (). (28)
But 7,”(s1), 7.7 (s2) > ti (by assumption) and and (1- 1) are non-negative. Therefore,
t7(s) = At + (1)t =1t (29)

Thus, the convex combinatia lies in the feasible set # ands; do, so it follows again that

the feasible set for the traveltime time problem is convex. This shows that for a fixed set of
ray paths the local feasibility set is convex. One important difference between the traveltime
inversion problem and the string density inversion problem is that whereas the hierarchy of
variational functionals used in the Rayleigh-Ritz approach contains inherent nonlinearities due
to the necessity of orthogonalizing higher order trial eigenfunctions with respect to lower order
ones, no such necessity arises in the traveltime problem. Each traveltime measurement s in a
very real sense independent of every other traveltime measurement; all traveltimes are equally
important and no hierarchy of traveltimes needs to be established. Although it is certainly
possible to use trial ray paths that are highly correlated with the wave speed models under
consideration, such correlations are not required by Fermat’'s principle in the way that they
are by the Rayleigh-Ritz method. (For example, we could do the entire tomographic inversion
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using straight rays, with some loss of accuracy in the final result.) This fact suggests, but does
not prove, that the global feasible set for the traveltime problem is itself convex. Using the
fact that the global feasible set must be the intersection of all possible feasible sets, we obtain
a proof of convexity [Berryman, 1991].

Algorithms

Stable reconstruction algorithms using feasibility constraints to solve the traveltime tomogra-
phy problem have been discussed in detail elsewhere [Berryman, 1990]. The key idea is to
use the fact that the solution, if one exists, must lie on the feasibility boundary and then to
force the solution in an iterative scheme to stay close to this manifold in the model space. An
iterative linear least-squares inversion algorithm was easily and cheaply stablized using this
approach. Other choices of algorithms based on the feasibility constraints are also possible, as
will be discussed at the end of the paper.

CONSTRAINTS FOR EARTH DENSITY DISTRIBUTION

A somewhat different class of problems involves analysis of free oscillations of the Earth in
order to deduce its density structure [MacDonald and Ness, 1961; Gilbert, 1971; Jordan and
Anderson, 1974; Aki and Richards, 1980; Gilbert, 1980; Ben-Menahem and Singh, 1981;
Lapwood and Usami, 1981; Morelli and Dziewonski, 1987; Snieder, 1993]. | concentrate on
toroidal modes since they are independent of gravitational effects. For each normal mode of
a vibrating elastic medium, the potential energy density is composed of a bulk contribution
« B proportional to the bulk modulus and a shear contributionS proportional to the shear
modulus. B and S are functionals of the exciting eigenfunctions. If the compressional and
shear wave speedsc(andvs, respectively) have been found using (for example) traveltime
tomography, then | use the identities

vZ = (k +4u/3)/p (30)
and
vZ=u/p, (31)

with p being the mass density, to show that the potential energy density may be written in the
form

pU =p [(vg —&Z/3) B+ v§S]. (32)

This equation shows explicitly that the potential energy is the sum of terms proportional to the
unknown density, the squares of the (assumed) known velocities, and the funcBaradsS

of the (possibly trial) eigenfunctions. The kinetic energy of a vibrating system is proportional
to the density and the square of the time rate of change of the local displacement; so the
Fourier transform of this energy density takes the general fotpK , wherew is the angular
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P2 P3) "} Pn

Figure 7: A sphere composed of concentric shells of constant densigy be used to model

free oscillations of the Earth. Compressional and shear wave velocities are assumed to have
been previously determined using traveltime tomography. The inverse problem solves for
density structure using measured eigenfrequencies of toroidal oscillation in this example.
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Feasibility analysis for free oscillations of the Earth

Density modej Frequency data

- feasible .10 feasible

oy’ ........... <— wj’

infeasible infeasible

Pj @i

Figure 8: For free oscillations, scaling the dengitpy a positive constant does not change
either the trial eigenfunctions or the frequencies, showing that any point along a ray in density
space is equally good for satisfying the frequency data. Thus, the feasible region forms a cone
in the density space. of the Earth.

frequency of oscillation, an& is the square of the trial displacement. The partitioning of
energy in a vibrating medium is known to balance the total kinetic and potential energy in
the volume over a cycle. If the volume §3, this balance between the two energies may be
expressed in the equality

a)Z/,oKdQ:/,oUdQ, (33)
Q Q

where agaimn is the local densityk andU are functionals of the eigenfunctions of the normal
modes of vibration, and is the angular frequency of vibration for a particular mode. It is
well-known that equation (33) can be rewritten in the form of a variational inequality as

> [pudQ

= m , (34)

w

in which the right hand side is again the Rayleigh-Ritz quotient, and the inequality itself fol-
lows from the Rayleigh-Ritz variational principle. In (344, andU are now functionals of

trial eigenfunctions, and equality is obtained when the minimum of the Rayleigh-Ritz quo-
tient is achieved, which occurs in variational calculations as the difference between the trial
eigenfunction and the true eigenfunction approaches zero. When looking for constraints on the
density distributiorp, | first notice that for this problem the Rayleigh-Ritz quotidoes not

place any constraint on the scabd the density. Multiplying any particular mass distribution

p by a positive constant produces no change in this ratio, since the constant may be moved
outside the integrals in both the numerator and the denominator and then cancels. This is an
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Constraints to fix the scale of the density

Moment of inertia constraint
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Figure 9: The scale of the density is determined by the total mass and/or the moment of inerita
of the Earth.

important difference between the present problem and the ones discussed previously (string
vibration and traveltime inversion). The boundary of the feasible set is not found by scaling
the density in this problem, and therefore the shape of the feasibility boundary is that of a cone
in the model space. However, an independent constraint on the density scale is easily obtained
when the total mask! of a body such as the Earth is known, for then

fg pd2 = M. (35)

Another constraint on the overall scale is provided by the moment of inertia

/Qprzdsz =1, (36)

when it is known. To attack the inverse problem, | again introduce the concept of particular
feasible density distributions and collections of these called “feasible sets,” as before. | assume
that some subset of the modal frequencies has been measured. For simplicity, | display equa-
tions for only one frequency and trial eigenfunction, but understand that the same argument
applies simultaneously to all eigenfrequencies and trial eigenfunctions. Suppogg #mat

pp are two density distributions, both satisfying the Rayleigh-Ritz inequality for the same trial
eigenfunction. Thus, | am considering only local or trial feasibility of the densities in this first
example. Then, by assumption,

wﬁfpadezgfandsz (37)
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and
w,%/pbdezgfprdsz (38)

both hold. If I next multiply (37) by, and (38) by (- 1) and add the two inequalities, | find

wﬁfpdesszpAUdQ, (39)

wherep; = Apa+ (1 — 1) pp is defined as the convex combination of the two densities. Thus,
by the preceding argument, | have established the feasibility of the convex combination of
any two density distributions that are themselves feasilde f; also satisfies the Rayleigh-

Ritz constraints obtained from the data) for any particular choice of trial eigenfunction. This
argument establishes that local feasibility sets are convex. The proof is similar for global
feasibility. Suppose | have found the actual eigenfunctions for the dengitiasd pp, and
therefore know the corresponding potential and kinetic energy dengitidd,, Ky, Uy for

these density distributions. These eigenfunctions (by assumption) produce minima in the re-
spective Rayleigh-Ritz quotients; so if the resulting inequalities show thatdyadhd o, are
feasible, then

L2 < [ paUad2 - [ pal,dQ
"7 [ paKadQ T [ paK,dQ'

(40)

and similarly

a)% < fprbdQ < fpr*dQ,
f,ObedQ f,ObK*dQ
where the functionalk, andU, have been evaluated using some other convenient trial eigen-

functions (a specific choice will be made later in the discussion). Then, using the same argu-
ment as in the last paragraph, | find that the convex combination of densitresast satisfy

n- fp)LK*dQ

(41)

(42)

for any suitably constrained choice of trial eigenfunctio8o, in particular the inequality
must hold for the actual eigenfunctions that minimize the Rayleigh-Ritz quotient fori @&2),
whenU, = U, andK, = K;. Thus, it follows from (42) that ifp; and py, are globally feasible
densities, then so is their convex combinatigrsince

2 < prU;LdQ

. 43

This proves that the global feasible set is convex. It is not hard to show that the global feasibil-
ity set may also be characterized as the intersection of all local feasibility sets, and is therefore
a smaller (but still expected to be nonempty) set than any of the local feasibility sets (for par-
ticular trial eigenfunctions). It is harder to prove that the set is nonempty for this problem,
than for the previous expamples.
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Figure 10: If compressional and shear velocities are not known, then a sphere composed of
concentric shells of constant densitybulk modulusc, and shear modulys may be used to
model free oscillations of the Earth. As in the last example, model structure is inverted from

eigenfrequency data.
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CONSTRAINTS FOR ELASTIC MODULI AND DENSITY

Now suppose that the only data available for determining Earth structure is the free oscillation
data. What can be said about the corresponding nonlinear inversion problem? It turns out that
the analysis goes through essentially as before, but now the model space is larger, involving
not only the density distributiop but also the bulk modulus and the shear modulys The
Rayleigh-Ritz inequality is still of the form

2 _ f(KB-i—MS)dQ.

TpKdQ (44)
When two modelsds, ka, ta) and (op, kp, 1p) Satisfy the feasibility constraints, | have
ok [ pakdg = [ (aB+na9de (45)
and
wﬁfpbKdQ < /(KbB+MbS)dQ. (46)
And the convex combination
(0363, 13) = (Apa+ (L= A) po, Akca + (L — M)kp, Apta + (1 — A) ap) (47)
clearly satisfies the corresponding condition
o [ mkda = [(B+u9da (48)

where the same trial eigenfunctions have been used in (45)—(48). This again establishes con-
vexity of any local feasibility set and the proof of the convexity of the global feasibility set for
(p,x, ) follows immediately using the same arguments as before. The Rayleigh-Ritz ratio is
again scale invariant, so an overall change in scale of the form &) — (yp,y«,yn) does

not affect the frequency predictions. But, as long as the scale of any one of the parameters
is known, the others follow from it, so knowledge of the total mass (35) and/or total moment
of inertia (36) is again sufficient to determine the scale of the model. The main difference
between the results for a single parametand those for a set of parameters such as the triple
(p,x, ) is that, depending on details of how the three parameters are discretized for numerical
treatment, the model space will be on the order of three times larger for the case of pure free
oscillation data and therefore correspondingly more of this vibration data will be required to
obtain enough constraints to produce the same degree of model resolution.

VARIATIONAL STRUCTURE OF INVERSE PROBLEMS

The various inverse problems considered so far may be viewed as special cases of the fol-
lowing general problem. Suppose | have the set of measuredgiatand that these data are
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Free oscillations of the Earth without traveltime tomography

Model spacef,«,u) Frequency data

- feasible .10 feasible

infeasible infeasible

Ki Wi

Figure 11: Scaling the tripleo(«x,u) by a positive constant does not change either the trial
eigenfunctions or the frequencies, showing again that any point along a ray in the model space
is equally good for satisfying the frequency data. The overall scale is again determined by the
total mass and/or the moment of inertia of the Earth.

known — from the mathematical physics of the related forward problem — to be minima of
an appropriate variational functional so that

0 < Qi[ng,...,Nk,dy,...,dm;v1,...,vp], (49)

whereQ;j is a functional whose firsk(+ m) arguments are parameters of the model (such as

density for string vibrations, slowness in traveltime tomography, or bulk and shear moduli in
elastic vibration) and whosp remaining arguments are trial eigenfunctions. The dependen-

cies on the trial eigenfuctions will be suppressed in the following discussion. If the functional
can be written in the form of a quotient

. Ni[nl,... ,nk]

Qi[nl,... ,nk,d]_,... ,dm] = m,

(50)

where the functionals in the numeratdr and in the denominatob; are themselves linear
functionals of each of their arguments, then | find that all the examples considered may be
written in this form (see Table 1). It follows easily from this postulated form that the inverse
problem leads in all cases to a convex feasible region in the multiparameter model space. This
follows directly from the observation that, if

g Di[d1,...,dm] < Ni[f,...,A] forall i (51)
and if

q Di[dy,...,dm] < Ni[fi1,...,f] forall i, (52)
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then for anyi in the range G< A < 1 1find

Nn® . p®
g < NNy ”'gk)] forall i, (53)
Di[dgy, ... ,dn’]

where

n® = A + (1 -0 for 1<j <k (54)
and

d™ =ad +@1-n)d for 1<l<m, (55)

guaranteeing that, if the “hat” and “tilde” models are themselves feasible for the given set of
trial eigenfunctions, then the convex combinations of the “hat” and “tilde” models parametrized
by A are also feasible. The argument just given depends strongiiyeomplicit assumption

that the conditions for admissibility of eigenfunctions are independent of the convex combi-
nation parametrized by. Such independence is definitely true for the traveltime inversion
problem where the ray paths play the role of eigenfunctions, but also definitely not true for
the string density inversion problem or for the free oscillations problem. Thus, whether or not
the global feasible set is convex depends on the problem, and in particular on the variational
principle being used in the analysis. Rayleigh-Ritz variational problems will not have con-
vex feasibility sets, while traveltime tomography and some other similar inversion problems
[Berryman, 1991] in general do have convex feasibility sets.

TABLE 1.
Problem {gi} {n;} {di} | Description of feasible set
Density from {wi} — d1 = p | Finite, nonconvex, bounded
string vibration region near the origin
Wave slowness from | {7j} | h1 =S — Infinite, convex, bounded
traveltime tomography away from the origin
Elastic constants from {wj} | n1 =« | d1 = p | Infinite cone, nonconvex
free oscillations No=u

Although convexity of the feasible set is not really necessary when designing a nonlinear
programming method for solving the inverse problem, convexity does help to simplify the
reconstruction algorithms when it is a characteristic of the problem of interest.

DISCUSSION

Finite data sets

Suppose | have a finite set of measureméaqis... ,qu} and | compute the feasible s@iy
associated with that measurement set. Now suppose that an additional measurement is made
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so the measurement set is now, ... ,qu+1} with the associated feasible s&f; 1. What

is the relationship betweefy, and 17 The addition of a constraint can only decrease
the size of the feasible set, so it follows easily from the convexity properties that in general
FMy1 € Fm S Fm-1S--- C F1.

Measurement error

An issue that is often raised about the usefulness of the feasibility constraints concerns the
effects of measurement errors on the location of the feasibility boundary. The variational
constraint equations always find the data in the role of upper or lower bounds on integrals in-
volving the unknown parameters. The data therefore enters these constraints linearly, so small
measurement errors will generally lead to small (or possibly no) changes in the location of the
bounding curves, depending on which measurements are in error and which measurements are
the most constraining. | think of the feasibility boundary in these circumstances, not as a sharp
but rather, as a fuzzy boundary. If the errors are small, then the fuzzy region is also small. Itis
useful to take this fuzziness into account in practical algorithms that make use of the feasibility
boundary to reconstruct the desired model parameters in these inverse problems. This can be
accomplished by using either the least (or the most) constraining range of data-minus-error
(or data-plus-error) when computing this estimate of the boundary location. Alternatively,
the fuzziness of the boundary can be incorporated directly into algorithms that use only the
approximate location of the feasibility boundary as a means of constraining a search for the
desired model parameters based on other criteria (such as minimizing the least-squares error
in predicted versus measured data, or some other choices of objective functional minimiza-
tion). Experience has shown that practical algorithms based on feasibility constraints are less
sensitive (more robust) to the presence of measurement errors than most other algorithms for
inversion.

Algorithms

The variational structure of nonlinear inverse problems does not by itself provide an algorithm
for reconstructing the desired model parameters from the data. Nevertheless, knowing the
existence of the feasibility boundary and the convexity properties of the feasible set suggests
a number of possible algorithms that may be useful depending on the particular problem. |
may suggest three types of algorithms: (1) The most obvious and probably the least practical
algorithm entails a search along the feasibility boundary for the model that best fits the data.
This approach has much in common with linear programming methods of the simplex type,
but is probably not practical for most of the large dimensional problems that would benefit
from the methods discussed in this paper. The reason for the difference is that the feasibility
boundary in nonlinear inversion problems is determined only implicitly and therefore requires
considerable computation to find each boundary point, whereas in linear and most other non-
linear programming problems the boundary constraints are given explicitly. (2) A Monte Carlo
or shooting method that tries to sample a region of the model space and map the feasibility
boundary in that local region has been tried on both the string density inversion problem and
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on the traveltime inversion problem. This approach has been found to work extremely well
in the problems of lower dimensionality, and it also works well in higher dimensional prob-
lems that are easily parallelized (such as traveltime tomography) when many processors are
available. Finally, (3) virtually any existing inversion algorithm can be easily modified to
incorporate the feasibility constraints as a natural means of regularizmgreventing di-
vergences from occurring. In particular, iterative linear least-squares inversion algorithms that
might diverge due to inconsistencies arising from the forward modeling (trial eigenfuctions
or trial ray paths) based on a previous guess of the model can be easily stabilized by forcing
the stepsize for model updates to remain small enough so that the successive iterates do not
wander away from the feasibility boundary. Such a constraint does not tie the result to any
particular part of the model space that must be chosen prior to the invergoidgrd con-
straints on the maximum and minimum values of the parameters in the model are not needed),
but rather tethers the final result to a manifold determined strictly by the data and the mea-
surement configuration. Thus, the data itself is used to determine the appropriate means of
regularizing the solution to the inverse problem in such algorithms. This approach is probably
the one that will find the most use in practical solutions to inverse problems.
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