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ABSTRACT This paper summarizes three mathematical models used to describe how
contaminant concentration profiles in soil may be inferred from the intensities of neutron-induced

capture-gamma photon intensities measured at the soil surface.

In particular, the linear

regularization, linear regularization with an iterative positivity constraint, and the Backus-Gilbert
methods are applied to the soil contamination problem. Examples of each of the three methods are

presented for idealized test contaminant profiles.
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INTRODUCTION

In the prompt-gamma neutron-activation
analysis (PGNAA) method, soil is
iluminated by a beam or source of fast
neutrons and the subsequent capture gamma
photons produced when these neutrons are
absorbed by elemental contaminants in the
soil are measured at, or slightly above, the
surface. For a given contaminant, capture
photons with (usually) many distinct
characteristic energies are emitted. The
uncollided capture photons that are emitted
by each element and that reach the surface
are measured, and from these measured
intensities the concentration of a particular
contaminant at different depths can be
estimated.

To estimate soil contamination profiles from
the intensities of uncollided gamma photons
measured above the soil surface, it is first
necessary to develop a mathematical model
that relates contaminant concentration
profiles to the detector measurements. In the
next section two idealized soil irradiation
geometries are considered, and the

fundamental relation between the detector
measurement and the soil contaminant
profile is derived. In later sections three
modern approaches for inverting the
PGNAA model to obtain the contaminant
profile from measurements of uncollided
capture gamma intensities at the soil surface
are summarized and example results are
given.

PGNAA SOIL CONTAMINATION
MODEL

In this study we assume that the soil surface
is a flat horizontal plane and that the soil
composition and contaminant concentrations
vary only with depthx into the soil, i.e., no
lateral variations are considered. The two
PGNAA models developed in this section
differ in how the soll is irradiated by fast
neutrons. In the first model, normally
incident fast neutrons uniformly illuminate
the soil surface to produce a neutron fluence
in the soil that varies spatially only with
depth. In the second model, the soil is
irradiated by a point source of fast neutrons



that produces a fluence with dependence on
both depth and lateral distance.

Capture-gamma photon source
strengths

Central to the development of any PGNAA
mathematical model that relates a
contaminant profile to detector
measurements is the determination of the
number of capture gamma photons emitted
at every position in the soil exposed to the
neutrons.

Consider first the case in which the soil is
illuminated by a monoenergetic
perpendicular beam of fast neutrons. The
strength of the neutron irradiation is denoted
by J, which is the number of neutrons
crossing each unit area of the soil surface.
This flow of neutrons results in an energy-
dependent fluencd, ®(x, E) at depthx. If
the atomic concentration of contaminarg
denoted byi(x) (u for unknown, the
number of neutrons absorbed by this
contaminant, per unit volume, at deptis

A= Hy(3f,” dEB(x Bal( 8. &

whered/(E) is the microscopic absorption
cross section of elemeptor neutrons with
energyE, andE, is the energy of the
incident neutrons.

As verified by Fawet al.[1], the shape of
the epithermal energy spectrum is almost
independent of depth. Further, most
neutrons are absorbed only after they have
been thermalized. Thus the total neutron
absorption can be described in terms of the
thermal fluence by defining an effective
capture cross sectiagy as

1
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where® . (x) is the thermal fluence at depth
X, per unit incident neutron flow, and is
obtained by integratingi(x, E) over all
thermal energies. For most contaminants the
effective capture cross section is remarkably
close to the actual thermal absorption cross
section—a good indication that most neutron
absorption occurs only after thermalization

[1].

With this effective capture cross section, the
total neutron absorption rafge can then be
computed knowing only the thermal fluence,
namely A, (x) = J,0; y( §®, (4. For each
thermal neutron absorbed by contaminant
element, f capture photons of energy

are emitted. Capture photon yields for
nonthermal neutrons are usually not known,
and in this study are assumed to equal those
for thermal neutron absorption. Moreover,
since most neutrons are absorbed only after
thermalization, the use of thermal capture
yields for all neutron energies is a reasonable
approximation. Finally, the numbg(x) of
capture photons with ener@ythat are

emitted per unit soil volume at deptlas a
result of neutron capture in contaminfrg
calculated from

S (9= 3 1 a y(MPy (X 3)

Before the source strength of capture
gamma photons can be determined by
Equation 3, the thermal fluence profile

@, (x) must first be determined. In another
phase of this project, empirical expressions
based on detailed neutron transport
calculations are obtained fdr,, (x) for five
representative soils [1, 2]. Example fluence
profiles for uniform and perpendicular
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FIGURE 1. THERMAL FLUENCE PROFILES IN
THE FIVE REPRESENTATIVE SOILS USED IN THIS
STUDY. THE SOIL SURFACE IS UNIFORMLY AND
PERPENDICULARLY IRRADIATED BY14-MeV
NEUTRONS WITH A UNIT INWARD FLOW AT THE
SURFACE

illumination of the soil surface by 14-MeV
neutrons are shown in Figure 1.

For the case that the soll is irradiated by a
point source a distand¢g above the soil
surface, the neutron fluene®(r x,E) in

the soil is a function of both the deptland

the radial distancefrom the vertical axis
through the source. In general, such a
neutron source is collimated so that only
those neutrons emitted a downward cone of
directions, whose axis is perpendicular to the
soil surface, reach the soil. Thus, if the
source emit& monoenergetic neutrons
isotropically with energ¥,, the total

number flowing into the soil i& = S(1 -
cod9.)/2 where#; is the conical half-angle of
the source collimation. Again the thermal
neutron absorption can be described in terms
of the same effective capture cross section
used for parallel beam illumination and the
thermal neutron fluence profi@®,,(r x) .

Thus the capture photon source strength per
unit volume of soilS' (r, %) is given by
Equation 3, with®,(r) replaced by

®,.(r x). Again empirical expressions based

on detailed neutron transport calculations
have been obtained fab, (r,x) for five
representative soils [1, 2].

PGNAA model for uniform
illumination

In this irradiation geometry, the soil is
uniformly and perpendicularly illuminated

by a parallel fast neutron beam. The capture-
gamma photons are measured by a point
isotropic detector which is at heightabove
the surface and which is conically collimated
downward with a conical half-angle &f

Consider a horizontal annular volume of
radiusr, radial thicknesdr, and vertical
thicknesgdx that is at depth and coaxial
with the vertical axis through the detector.
All points in this differential annular volume
of dV = 2/r dr dx are at a distance

y=yr? +(x+n,)°" from the detector, so that

the uncollided fluence at the detectoiitbf
type photons emitted by elemegrns

i Sij(ﬁ dv
dr) = ———
41y

ex;{—u(Ei )x /cosﬁ] , (4)
where cof = (X + hy)/y, andu(E) is the

total attenuation coefficient (less the
coherent scattering component) in soil for a
photon of energ¥:. The volumetric source
strengthS’ of ith energy photons from
elemeni in the annular volume is given by
Equation 3. Integration of Equation 4 over
all r andx within the detector’s cone of
collimation then gives

R =& 10l [, dxy(Ybu( 3

(x+hy) tanay

ks

(5)
dr 2] exp{— u(E)x/cosQ] .

2r2+(x+m)




The integral over can be performed
analytically and expressed in terms of the
exponential integral functioBy(x). The
result is

Rij = Jo fijgcj

(6)
. axu (980 ()] B )= Bl sedt )] 12,
wherey = u(E). Finally this fluence of
uncollided photons of enerdy produces a
detector measurement or countaf=n, R’
wherern, is the detector efficiency for
recording a count in the photopeak per
incident photon of energy.. Although the
efficiency of a real detector may also
depend on the incident direction of the
photon and the count rate (resultingdead
timelosses), these effects are not considered
in this study. Multiplication of Equation 5 by
the detector efficiency yields the following
Fredholm integral equation of the first kind
for the concentration profile for theh
contaminanty(X),

o =[xy (NP =1 )

whereN; is the number of distinct capture-
photon energies measured for contaminant
andr’(x) is theresponse kernajiven by

rij (X) = (8)
i Jo fijECj&)th(X)[ El(ui % - E1(Hi sedy )] 2.

Equation 7 is the fundamental relation
between the contaminant concentration
profile and the measured intensities of
capture gamma photons. From this equation,
we must estimate the concentration profile
u(x) from the measured values@f

PGNAA model for a point source

When the soil is irradiated by a point,
downward conically-collimated, neutron
source of strength, ®,, is a function of
as well ax. Thus, Equation 5 must be
modified to

R = 3 6/a¢ [ dxy()
r&)th(r,x)
2r2+(x+hd)

9)

tang
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whereJ, is the number of source neutrons
entering the soil. Multiplication of this result
by the detector efficiency; results in the
same Fredholm integral equation as was
obtained for the parallel beam case, namely
Equation 7, except that the response kernel
r'(x) is now given by

i () = Jon 1,5

(x+hd)tan9d d r éth(r ,X)
IO rZ[rZ‘F(X+hd)2]

ex;{— uix / co§] ,(10)

The integral in Equation 10 can no longer be
performed analytically unless some
analytical approximation is made for

@, (r,x), such as a piecewise constant
representation. Discussion of the numerical
evaluation of this normalized kernel for the
five representative soils considered in this
study is presented by Shue and Faw [2].

INVERSION BY LINEAR
REGULARIZATION

In the previous section, the detector
response; to theith capture-gamma photon

emitted by a particular elemental
contaminant is given by Equation 7, namely

(11)



(For simplicity, the elemental ind¢xs
suppressed from now on since each
elemental contaminant profile can be
determined separately and the responses
from each different contaminant are
independent.) The solution of Equation 11
for the contaminant concentration profile is
an inversion problem encountered in many
diverse fields. For example this same
inversion problem (but with different
kernels) is encountered in oil-well logging,
neutron scattering, geophysical data
analysis, atmospheric remote sensing,
astrophysics, medical tomography, and many
other data analysis applications.

The principal difficulty with solving this
equation for the unknown profilgx) in the
PGNAA soil contamination problem is that
the numbeN of different photopeak counts
G is generally much less than the number of
depths at which one would like to determine
u(x). Although most heavy atom
contaminants typically emit dozens or even
hundreds of capture-gamma photons with
different energies, most are emitted with
such low probabilities or yields that accurate
measurement of their intensities are usually
not possible. Only very few (typically 2 to 8)
capture gamma photons have yields above
10% and, consequently, in practical
applications of the PGNAA methoN,is
almost always a small integer.

In this section, the linear regularization
method is used to obtain an inversion of
Equation 11. This particular approach goes
by many names (e.g., Tikhonov-Miller
regularization [3-6], Phillips-Twomey
method [7, 8], constrained linear inversion
method [9], and the method of regularization
[10]). As with any method that has evolved
from many different disciplines, the notation

and ideas in the many seminal works are
often quite different. In our discussion of

this and the other inversion methods
discussed in this report, we adhere closely to
the nomenclature and excellent presentation
by Presset al.[11].

Discretization of the model

The first step is to approximate Equation 11
by a set of linear equations for the
concentrationy; = u(x) atM specified depths
X; by using some appropriate numerical
guadrature scheme to approximate the
integral. The resulting linear equations can
be written as

(12)

or in matrix notatiort = Reu.

This set represenb$ equations in th&/
unknowns {1}. Here theN x M matrixR
depends on the numerical quadrature
approximation selected. For example,
suppose the contaminant concentration is
negligible bgond a certain deptku = Xnax SO
that Equation 11 can be approximated by

M -2
6 Of, ™ dxs (U= Zl'jxxj’ " axr() (X @3

=
where the prime on the summation indicates
that the summation is over only odd values
of j. For the approximation developed here,
M is assumed odd. Now approximafe) in
each pair of adjacent subintervals by a
guadratic function. For equally spaced nodes
with Ax = % - %1, u(X) in interval &1, X+1) is
approximated by
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uj +1.

Substitution of this result into Equation 13
gives Equations 12 where tReare given

by

X;

5‘ dx( %) (3, =1
.

0
dxx >g x >§+1)r(>) (15)
R= 2AXZE+I dX(X u )(X Xs )'(3 jeven
B‘de(x- %)%= %)}, Jodd, i1, M
O x
Hx:,zdx(x‘ o) %= %) 103, = M

Difficulty in inverting the discretized
model

The inversion of Equation 12 is an ill-posed
problem since the number of unknoviis
(the W) is generally greater than the number
N of data (the&). This means there are an
infinite number of solutions because the
solution space (of dimensidf) has ani¥! -

N) dimensional degeneracy, i.e., aMy{N)
components off can be specified arbitrarily
and still have Equation 12 satisfied.

One might be tempted to solve Equation 12
by minimizing the difference between some
modelU(X) and the measured data. This
difference between a model and measured
data is often quantified by thé statistic,
namely

N M 0 M 0 0 M
=) >m - > RUDS'Oe - > R MD(“”
iZ1j=8 k=1 B 8 k=2
No,Og M ag
1 " 2
—_— U O el-b|". (17)
Zlffuz éﬂ klek @ |

HereS = Covar[y, N are the elements of
the covariance matrix with being the
uncertainty or random noise associated with
the measure@. The approximate equality in
the above result holds if we can neglect the
off-diagonal covariance terms, with’ =
Covar[i, ). The matrixA has elements;

= Ri/a and the vectob has elements =

c/ai. For the counting data of uncollided
capture gamma photons used in the soil
contamination problem, the estimatedois
VG providedS is sufficiently large
(typically greater than a few hundred
counts).

The minimum value of’ is zero and is
obtained with & which is a solution of

As+l=b, (18)

Such a set of linear equations with a non-
square matri¥ (or a singular square matrix
A) can be “solved” by the singular value
decomposition (SVD) method [11]. This
method produces tHeast-squares solution
for an overdetermined syste has more
rows than columns, i.éN > M), The real
power of the SVD method, however, is to
treat singular or underdetermined systems
for which there are an infinity of solutions to
Equation 18. Among the infinity of
degenerate solutions (most of which have
very large values d¥) the SVD method will
select the one that has the smallest norm
||0]|. This solution, called th&incipal
solution will produce a value of’ that is
zero (or nearly so). Such a result is quite
unrealistic. Theoretically, the true profile
u(x) should yield a value of =N since the
X distribution approaches, Bsbecomes
large, a normal distribution with mebhand
standard deviatior/2N . Clearly, a
modified approach must be taken for our
“underdetermined” problem.



Regularization of the
underdetermined system

Consider an “unknown” vectar that we
want to find as a solution to some
minimization problem involving two positive
functionals-4u] > 0 ands{u] > 0. We may
wish to findu as the vector that minimizes
~{u] subject to the constraigfu] = b, i.e.,
with the Lagrange multiplieks,

o
S{alu] + Ao (elu] - ) = (19)

%{ﬁ’[u] + Ao2[u]} = 0.

Alternatively, we may want to find as the
vector (generally a different vector) that
minimizess{u] subject to the constraipdu]
= g, I.e., with the Lagrange multiplig,

 {6]u] + A, (#[u] - a)} =

5_u{ (20)

%{ &[u] + A, #[u]} = 0.

If we identifyA = A, as 1A, we see that the
above two results are identical minimization
problems. Both cases yield the same one-
parameter family of solutions, sag\). AsA
varies from 0 tao, the solutioru(\) varies
along thetrade-off curvebetween
minimizing - (subject to constrairg = b)

and minimizingg (subject to constrain# =

a).

Now for the important theorem. Suppose
that the functionakfu] has the following
form:

A#[ul=|A e u -b|? (21)

for a matrixA that is degenerate, i.e., has
fewer rows than columns. Then the
minimization of-{u] will not give a unique

solution foru. However, if we add any non-
degenerate quadratic forghu], for example
ueHeu, then the minimization gf#{u] +

A&{u] will produce a unique solutian[11]!
The addition of the termv&{u] is said to
“regularize” the minimization problem, i.e.,
to produce a unique solution.

Thus in the inverse problem, to obtain a
unigue solution fou, one solves the
following minimization problem

minimize: Au] + A& u]. (22)
This is the central principle of inversion
theory. AsA varies from 0 teo, the unique
solutionu varies from minimizing4u] to
minimizing&{u]. To obtain the “best”

solution (corresponding to a particular value
of A) one must choose a particular criterion.
For example, one might pidkso thaty® =

N agrees with the expected valuexaf
Alternatively, one might pick purely
subjectively so as to produce, for example, a
“smooth” solution or a solution sensitive to
abrupt changes in the profiléx). Finally,

for simulated count data obtained by
accurate numerical integration of Equation
11, the most accurate inversion will be
obtained withA made as small as possible,
but still large enough to avoid numerical
instabilities in the minimization algorithm.

The linear regularization method

The many apparently different approaches
used for inversion problems all involve
minimizing the functional of Equation 22
with the choice forfu] and3{u] dependent
on the problem and the inversion
philosophy. In the linear regularization
approach, the functionaqu] of Equation

22 is taken as th¢’ of Equation 17, i.e.,
~[u] = |Asu - bf%, and the functiona{u] is



chosen as some measure of the smoothness
of u(x), which is derived from first or higher
derivatives olu(x). In particular, the linear
regularization method requires ti&ti] =

UeHe0 whereH is some appropriate
smoothing matrix. The inversion solution is
thus determined by the following

minimization problem:

minimize: U] + A&{u] = |AeQ - b|2+)\00H00. (23)

The matrixH is obtained by making sonae
priori assumption about the nature of the
profile u(x). Several examples are given in
the next section.

To obtain the minimum of the functional of
Equation 23 and find, we write Equation
23 in its component form as

7lu] = #[u] + /\?[U] =

N M (24)

HITRI 13

The values ofj; that minimize this functional
are the solutions of thd normal equations
obtain by setting the derivative gfu] with
respect taj to zero. Differentiation of
Equation 24 with respect g setting the
result to zero, and use of the symmetry
property ofH gives

M N 0 a
w Ay O+ AHy Oy =
]Zl%ZlA‘k Aij D+ jk éU]

||M§
.J:>

(25)
M
ZAku, k=1,..., M,
i=1
or in matrix form,
(AT A +aH) i =AT b, (26)

This equation can be solved foby
standard means, such as thg¢
decomposition or SVD methods [11].

Smoothing matrices

The construction of th®l x M matrixH
depends on tha priori smoothness criterion
chosen. For example, if we believe thét)

is approximately linear, then a reasonable
functional to minimize so as to enforce this
belief is (assuming equi-spaced values)of

27)

£[u] DJ;W [a (x)]2de h:IZ_Z[— Y+27y, - ”y+2]2.

Note that this functional is nonnegative and
vanishes only whe@(x) is a linear function.
The constant of proportionality can be
absorbed into the parameleso that the
discretized form o&f{u] can be written as

glu]=|B-0/’=a+(BT+B)-a=0-H-0q, (28
whereB is the M - 2) x M first-order,
forward finite-difference matrix

012 -1 0 0 0 0 .. @

Ep -1 2 -1.0 0 0 .. q%

0 0

M .. 0 0 0-12-1@q

.. 0 0 0 0-12-0

If we believe a quadratic function is a good
approximation fou(x) then we should
minimize (again use forward finite
differences)

z[u] O Iow[ﬁ'”(x)]zdxlj Z_j[— Y+3Y,, -3+ Ys * (30)
=

so that
F13-3 1 00 0 o
® -1 3 -3 10 0 .. 0
B=D: . 0, &
0 O
0 0 -13 -3 1 4
.. 0 0o 0-13-3 1



Similarly, for cubic smoothing, we attempt to
minimize

#lu] O Iow[ﬁ'“'(x)]z dx

(32)
M -4 )
00 [-0) +40).0 - 60,5 + 40 45~ Y.y
=1
so that
F14-6 4 -10 0. @

D -1 4 -6 4 -10 G
B="U: 0 &3
0 0
M ... 0 -1 4 -6 4 -1 Q
H .. 0o 0o -1 4-64-1

In fact the choice oB orH can be obtained
from any finite difference representation of
the functionu(x), such as a discretized
differential equation.

Example results

To determine the capabilities of the linear
regularization method for application to the
soil contamination problem, several idealized
contaminant profiles were used. With these
test profiles fou(x), simulated values @f

were evaluated from Equation 11 using an

TABLE 1. CALCULATED Ci VALUES FOR
CHROMIUM CONTAMINATED SOIL DISTRIBUTED
WITH THE BILINEAR PROFILE SHOWN IN
FIGURE 2. PROBLEM PARAMETERS FLUENCE
PROFILE4 (DRY DENSE soIl); J,=1; i = 1;

Hd =T172.

Energy  Yield per g (cmi) C
(MeV) capture

0.7492 1104 0.130030 9.31146
0.8351 .2686 0.123690 22.5795
7.9393 1275 0.043362 9.12322
8.8841 .2697 0.042026 19.1419
9.7203 .1097 0.041009 7.73532

adaptive Gaussian numerical integration
algorithm which is capable of achieving high
accuracy. The thermal fluence profile used
in the kernel;(x) of Equation 8 was one of
those shown in Figure 1 for the five standard
soils used in this study. For the examples
presented below, chromium is the assumed
contaminant and, usually, only the five
capture gamma photons with yields greater
than 10% are used in the simulation. An
example set of simulatexidata generated in
this manner is given in Table 1. These values
of ¢, which are used in several of the
examples below, are for an idealized
detector that produces no statistical
uncertainty in the measured Thus for all

the examples in this section, the standard
deviationsg; of thec; are taken as unity. In
later studies the effect of statistical
uncertainties in the simulated data is to be
investigated.

With such simulated data for, test
contaminant profiles were inverted and
compared to the actual profiles shown by the
heavy dashed lines in the figures following.
Additional examples are presented by
Shutis, et al.[12].

The inverted contaminant profile depends
strongly on the paramet&rthat balances

the trade-off between smoothness and
accuracy of the profile to the measuwed
The smallei the better is the fit to the data,
i.e., the smallex’ = 4u] = |Asu - bf?
becomes. By contrast, Adecomes large,
the inverted profile becomes smoother and
the fit becomes less accurate, il <0
becomes smaller whilg becomes larger.
This behavior is illustrated in Figure 2 which
shows profiles for extreme valuesifin
these examples, far= 10 the inverted
profile assumes a strict linear shape as
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prescribed by the linear smoothing constraint
used. At the other extreme wher 10*

the inverted profile agrees very closely with
the actual profile. However, K is made

even smaller, the effect of the smoothing
regularization term is lost because of the
finite precision of the computer, and
numerical instabilities begin to develop as
shown in the profile on the lefthand side of
Figure 2 obtained with = 3 x 10"°.

Since the simulated values used in these
examples are exact, i.e., have no associated
statistical uncertainties, the optimal (most
accurate) inverted profile is obtained with
the smallest value af that can be used
before numerical instabilities appear. These
best-fit profiles, i.e., those with the smallest
X, represent the maximum capability of the
inversion method since any real data for the
¢ will have uncertainties and thus contain
less information for the inversion process. In
Figure 3 optimally resolved inverted profiles
for the bilinear and step profiles are shown
for the three smoothing regularization

methods considered in the study. As can be
seen, the inverted profiles are quite
reasonable, especially for the bilinear case in
the lefthand side of Figure 3. All three
regularization methods give nearly the same
results, differing primarily at large and
shallow soil depths where spurious negative
and positive variations are characteristically
produced.

The righthand figure in Figure 3 also
demonstrates the effect of using different
numbers of capture gamma photons.
Generally, as more photons, i.e., mgrare
used the better are the inverted results.
However the increased accuracy in going
from 5 chromium photons (minimum capture
photon yield 10%) to 10 photons (minimum
yield 6%) is surprisingly slight. All three
smoothing methods produce nearly identical
results for the Gaussian peak. Only for the
spurious oscillations at deep depths where
u(x) is negligibly small, do differences
become apparent for the three smoothing
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schemes and for the number of photons
used.

As seen in these examples, the linear
regularization method is capable of
extracting quite reasonable profiles given
only a small number af values (here 5).
However, the inverted profiles for all three
regularization methods typically exhibit large
negative and even positive concentrations at
large (optical) depths in the soil whex®)

is usually extremely small. Also whe(x) is
small near the surface, the inverted profiles
often yield negative concentration estimates.
These spurious false values are a
characteistic artifact of the inversion

process since linear regularization imposes
no positivity constraint on thi&Xx).

One simplistic approach is simply to ignore
such negative concentration estimates and
set the offending value to zero. Similarly
large positive values at great depth may be
false and should likewise be ignored,

particularly if preceded by a region of
negative estimates. However, such an ad hoc
procedure is not very satisfying. In the next
section a more rigorous approach is
suggested which incorporates a positivity
constraint directly into the inversion process.

CONSTRAINED LINEAR
REGULARIZATION METHOD

Often we want the solutiof(x) to be
constrained in some manner in addition to
minimizing-4u] + A&{u]. For example, we
may wantl(x) = 0 oru.(x) < U(x) < uu(x) for
specified functions. andus.. The method of
projections onto convex sdBOCS) is an
easy way to impose such deterministic
constraints if an iterative solution of the
functional minimization problem is used. In
this section we outline how a functional
minimization problem can be performed
iteratively and then how deterministic
constraints can be superimposed on such an
iterative solution.



Many iterative schemes can be used to find
the G(x) which minimizes the functional

A u]+A&u], ranging from the conjugate
gradient method [11] to specialized
algorithms such as those proposed by
Skilling [13-15]. An unsophisticated
approach is to use the method of steepest
descent, whereby we approach the minimum
of ~4{u]+A&u] by proceeding from some
arbitrary starting point ifi space by taking
small steps always in the direction opposite
the gradient of{u]+A&{u]. That is, as we
step througtu space, we always head
“downhill.” Mathematically, the iteration
search is

0 Y = — en(u] + A&[u)) (34)
whereg is a parameter that determines how
far to move downhill in each step. For the
linear regularization method, based on
minimizing the functiona#{u] + A&[u] =

|Aeu - b “AGeHe( (see Equation 23), the
minimization iteration scheme becomes

gkt =g® —sD(|A-l'j—b|2 + A0« H oa)
35
—AT'b] (35)

:[1—s(AT ~A+)u-|)]-lj‘(k) +A Teb,

=g —28[(AT <A +AH)-LT

where, to guarantee convergence [11],

= _ (36)
maxeigenvalue(AT «A + }\H)

O<e<

Now return to the problem of imposing
deterministic constraints on our iterative
soluion. First two definitions. A set of
vectors {i} defines aconvex seif, for any

two elementsl, andQs, the vector (17)0,+

nb,, 0 n<1,is also in the set. For

example, constraints such as all components
of 0 must be (1) positive, or (2) zero outside

some upper and lower bounds define convex
sets.

Of special utility for convex sets are
nonexpansive projection operatg®s

defined such thag, first leaves unchanged
any( already in a convex s€}, and second
£, maps any vector outsidg to the closest
vector inC;. Recipes like “set all negative
components ofi to zero” or “set all
components less than some lower bound to
that bound and all components greater than
an upper bound to that bound” are simple
word descriptions of nonexpansive
projective operators.

The importance of these two concepts is the
following extraordinary theorem quoted by
Press [11]. IC is the intersection aoh

convex setg;, C,,...Cn, then the iteration

ok = (22,..2, Jak (37)
converges to a point i@ from all starting
points ak — o. If Cis empty, then there is
no convergence. Thus, if we pigk as the
projection operator that sets to zero all
negative components @f the following
modification of Equation 35

0“1:91{[1—5(AT <A +}\H)]-l]‘(k) + A T~b}(38)

converges to the vector with nonnegative
components, which minimizegu] + A&{u]
for the linear regularization method.

Examples for the constrained linear
regularization method

In Figure 4 the iterative solution based on
Equation 38 for a chromium contaminant
step profile is show along with the profile
obtained with the linear regression method.
Results for two different starting profiles are
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shown in the lefthand figure. The solid line is
for an iterative solution with the linear
regularization solution as the starting profile
(labeled adJ,), while the dash-dotted line is
for an iterative solution obtained with a null
initial profile. That the two iteratively
calculated profiles are almost identical
indicates that the iterations have converged
and are independent of the starting profile.
From this figure it is seen that the iterative
constrained method produces a much better
estimation of the contaminant profile than
does the unconstrained linear regularization
method.

In the righthand example of Figure 4, the
iterative solutions for different numbers of
iterations are shown. To obtain a converged
solution for this example takes a very large
number of iterations. This is characteristic of
the constrained iteration method [11]. The
achievement of a completely converged

iterative solution is computationally
expensive; nevertheless, the iterative result
obtained before convergence is still a better
estimate of the contaminant profile than is
the linear regression solution which often
exhibits unrealistic negative values of
concentration at small and deep distances
into the soil. Moreover, even before
convergence, the constrained iterative
method produces results that are more
accurate than the linear regularization
solution. In practical applications full
convergence is thus often not required.

Constrained iterative results for two other
test profiles are shown in Figure 5. It is seen
from these figures that the constrained
iteration method produces inverted profiles
that agree much more closely with the actual
profiles than does the linear regularization
method. One important feature of the
constrained iterative solution is that the
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inverted profile is less sensitive to the
assumed value of than is the linear
regularization solution. This effect is seen in
Figure 4 where the iterative solutions fox
10* andA = 10° are seen to be very similar
compared to the linear regularization
solutions. Sinca, which specifies the
balance between smoothness and accuracy
is difficult to determine priori, the
constrained iterative method is very
attractive, not only because it eliminates
unrealistic negative concentrations, but also
because it is relatively insensitivexo

THE BACKUS-GILBERT
METHOD

The Backus-Gilbert method [11, 16-19] is
different from other regularization methods
in its special selection of the functionads
and#&. For#the method maximizes the
stability of the solutiornii(x) rather than its
smoothness. In particular, the Backus-

Gilbert method uses the variance of the
estimated profilél(x), i.e.,

2 =Var| i(X)] (39)

as a measure of how much the solufitx)
varies as the data vary within their
measurement errors. It must be emphasized
that this variance is not the expected
deviation of thel(x) from the trueu(x) but
rather it is the variance of the expected
experiment-to-experiment scatter among
estimategi(x) if the whole experiment were
to be repeated many times.

For the functional#, the Backus-Gilbert
method tries to mak&(x) as close ta(x) as
possible. Since the method is lindgKk) is
related tou(x) as follows

G(x) :_[Om dxd(x, 3¢ 9, (40)



where 5(x',x) is the so-calledesolution
functionor averaging kernelThe Backus-
Gilbert method seeks to minimize the spread
of J , i.e., maximize the resolving power, so
that abrupt discontinuities u(x) can be
detected. Consequently, the functiosas
chosen to be some positive measure of the
spread.

Starting with Equation 11 far, and
imposing linearity from the start, we seek a
set ofinverse response kernejgx) such
that

(41)

i

(=% a(¥e,

whereil(x) is the desired estimator ofx).
Toward this end, we define the integral of
the response kernel for each data point,

R = [ dxr (3 (42)

Substitution of Equation 41 into Equation

11, and comparison of the result with
Equation 40, shows that the averaging kernel
is given by

3(x %)=y a(r(9.

(43)

We also require that this kernel should have
unit normalization for every, so that

1=["dxd(x, 9= a(Yf, dxil 3
=>a (YR

=q(x)* R,

(44)

whereq(x) andR are each vectors of length
N, the number of measurements. The
functional# can now be expressed in terms
of q(x). Standard propagation of errors and
application of Equation 39 gives

g=val(y]=3 Y a(d§ al X

=q(x)* S+ o(x),

(45)

whereS s the covariance matrix. If the off-
diagonal covariances are neglected as is
done in this paper, then this matrix is simply

S :é]qz.

We now need to define the measure of the
spread ofd(x', x) at eachx. While many
choices are possible, the Backus-Gilbert
method chooses the second moment of the
square of the averaging kernel. This choice
becomes the functionad namely,

4 :Iowdx(x— x)z[é(x, >)]2

SILICIENTE o)
= Q(X)J‘ W(x)+a(x),
whereW(x) is theN x N spread matrix
whose elements are defined as
W = 7 dx(x= ) 1 (%) 1 (%) (47)

The functiong(x) is now selected as the
function that minimizes the functionsl+
A&. Thus we must solve the following
minimization problem

minimize:  »# + A8 =q(x) « [W(x) + AS] + q(x) (48)
subject to the constraint of Equation 44 that

requiresq(x)*R to equal unity. The solution
of Equation 48 is [12]

_ wW+as] R

_ , (49)
R«[W(x)+s] "+ R

For any particular set of datawhose
elements are the measurememntshe
solution((x) is formally given by



~ c-[W(x)+/\S]_l- R
CRe[W(x)+as]TeR

(50)

{i(x)

Equations 49 and 50 are of a completely
different nature from the linearly regularized
equations. The vectors and matrices in
Equations 49 and 50 are all of sitgthe
number of measurements. There is no
discretization ok, soM does not come into
play at all. In this method one solves a
differentN x N set of linear equations for
each desired value &f By contrast, in the
linear regularization method one solvesgvan
X M linear set only once. Thus, the
computational effort of repeatedly solving
linear systems makes the Backus-Gilbert
method unsuitable for any but one-
dimensional problems such as the present
PGNAA soil contamination problem.

Choosing the numerical value foiin this
method depends on the desired solution of a
particular problem. If one needs a more
stable solution, then a higher value\of
should be chosen, and, if one requires a
more resolved solution, a lower value\of
should be chosen. As the valuexab
changed, one sees very explicitly the trade-
off between the conflicting demands of
resolution and stability in the solution. In the
above analysis, there is no reason that
must be a constant; one can thus pidk

be a function ok, A = A(X).

Example calculations

In order to assess the capabilities of the
Backus-Gilbert method for application to the
soil contamination problem, several test
profiles were used [12]. For brevity, only
two examples are presented here. For these
examples, chromium is the soil contaminant,
and the five gamma photons with yields

greater than 10% were used in the
simulaion. The values of; were calculated
very accurately from Equation 11 by using
an adaptive Gaussian numerical integration
algorithm so that the standard deviatiort,of
is very small and hence is taken as unity for
all the test problems. The effect of statistical
uncertainty in the simulated data will be
investigated in later studies.

The symmetry of thgv matrix ensures that
the inverted profiles are nonnegative. This
guaranteed positivity of the inverted profile
is an obvious advantage of the Backus-
Gilbert method over the linear regularization
method. Less obvious is the ability of this
method to yield the maximum resolution for
sudden changes in the concentration profile.
Comparison of the Backus-Gilbert inverted
profile in Figure 6 to that of the linear
regularization inverted profiles in Figure 3
shows that the sharp discontinuities of the
test step concentration profile are better
deduced by the Backus-Gilbert method.

From the example results in Figure 6 it is
seen that the inverted profile again depends
strongly on the paramet&r which balances
the trade-off between stability and resolution
of the inverted profile. The smallkrthe

better the resolution of the inverted profile.
On the other hand, a larger value\of
corresponds to a numerically more stable
inverted profile. This stability is achieved at
the expense of resolution.

CONCLUSIONS

From the results of this study, it has been
shown that the three regularization methods
presented here are capable of estimating
concentration profiles from a surprisingly
few measured intensities of capture gamma
photons. Although the linear regularization
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method is the most computationally efficient

method, it suffers from the tendency to

produce spurious negative or positive values

at large soil depths. While the linear
regularization method with iterative

positivity constraints avoids this difficulty, it
is computationally very expensive and useful
only when detailed predictions are needed.
The Backus-Gilbert technique was found to

produce not only nonnegative profiles but
profiles while yielding good resolution for
abrupt changes in the contaminant

concentrations. These conclusions are based

on analyses of simulated data without

statistical measurement error. Future work
will assess the importance of such errors on
the ability of the different inversion methods

to predict contaminant profiles.
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