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new directions for

With the advent of industrial computed tomography (CT or reconstruction from projections), which is of
much wider scope than medical CT, the basic mathematical and physical assumptions need to be reconsid-
ered. This paper considers the ramifications of the indeterminacy theorem and the underdetermined nature
of the reconstruction equations. A search for truth rather than honesty in their solution is suggested. The
use of steered microbeams, CT with few photons, multimedia CT, and the CT of soft (deformable) objects are
discussed. The latter subject suggests that CT should become amalgamated with finite element analysis and
computer-aided design. The computational load of 3-D robotic x-ray vision may require fifth-generation
computers.

I. Introduction

Industrial computed tomography (CT) lifts many of
the constraints imposed by medically oriented CT.
Not only is there less concern for radiation dose, but
the CT imager has available the whole universe of
measurable radiations, fields, and particles. The size
scales of objects being reconstructed can range from
molecules1 to galaxies.2 The time constants for the
phenomena being observed can range from picosec-
onds3 to billions of years. The opportunities to build
new instruments for entirely new purposes and mar-

.kets allow us to shed old preconceptions.
Rather than review the electromagnetic and particle

spectra and the variants of CT they lead to (masterful-
ly done by Bates, et al.4; compare earlier lists5--7), I will
concentrate on some general themes and opportunities
that cut across many problems of nondestructive test-
ing. I begin with the fundamental philosophical issue
raised by the indeterminacy of the CT problem itself,
which goes well beyond it being merely ill-conditioned.
I then turn to problems that come out of our efforts at
dose reduction in biology and medicine, not because
dose reduction per se is of much importance in the
industrial context, but because taking the CT problem
to certain extremes leads to new ways of understanding
it. I expect that this new understanding, once
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achieved, will lead to better imaging in all situations.
In this category, I look at intelligently steered micro-
beams and getting by with small numbers of photons,
and next consider multimedia CT, showing how the
whole may indeed be more than the sum of its parts.
Finally I take a glimpse at the CT of soft (deformable)
objects, things that can change shape and structure
over time, and estimate the computing speeds we will
need to meet our ambitions.

II. CT is Worse than III-Conditioned

CT images are often remarkably good looking and
are almost taken as a substitute for the reality they
represent. It is hard to look at a good, clean CT image
and suspect it of missing essential features any bigger
than a few pixels. Yet this seems to be happening.
Kennan Smith (Oregon State D.; personal communi-
cation; compare Smith and Keinert8) was puzzled by a
patient in whom a brain tumor was found by surgery,
although none had been seen by CT befoI:ehand. Ask-
ing himself how this could come about, he arrived at
the indeterminacy theorem: A finite amount of pro-
jection data does not determine a CT reconstructed
image at all (in Smith et al.9). Any region, large or
small, of a CT image can be replaced with any picture
whatsoever. The complementary region can absorb
this perturbation to the image in such a way that the
projections of the reconstruction all match the data.
A heuristic proof of mine, making this unpalatable
theorem reasonable, is shown in Fig. 1. (For the rigor-
ous proof, covering a wider range of cases than is evi-
dent in Fig. 1, see the original article.) Further exam-
ples of puzzling nonappearances of tumors in CT
images are given by Messina10 and Krudy et al. 11
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Fig. 1. Heuristic proof of the indeterminacy theorem. Pretend
that this picture represents a cross section of an object that lies
within the outer rectangle and that we have reconstructed this
section from two perpendicular projections (horizontal and vertical).
We want to change the inner oval region of the reconstructed image
to another irrelevant (or irreverent) image which is shown. This can
be done point by point. We need only add and subtract an appropri-
ate density value at the corners of the rectangle ABCD formed by the
intersection of four rays through the object (see Gordon and Her-
man12). The sums then remain constant along the four rays. We
arrive at our irrelevant image in the inner oval by repeating this
operation an uncountable number of times (the nonrigorous step).
For n views, instead of a rectangle we use a 2n-sided polygon with one

vertex placed in the region to be altered.

The premises of the indeterminacy theorem are sim-
pie: we assume. a finite number of perfect, parallel
projections of an object (of any dimension) at distinct
angles. Real, noisy, sampled data can only worsen the
situation by permitting an even wider range of solu-
tions (if that could be imagined). The theorem has
been generalized to the fan beam geometry (Leahy et
al.13; compare Finch and Solmonl4) and may well gen-
eralize to much broader sets of intersecting manifolds
(compare Cormack15 and Cormack and QuintoI6).

The indeterminacy theorem and its possible gener-
alizations take us very close to'philosophical questions
of the nature of knowledge. If escaping the conse-
quences of the indeterminacy theorem requires a prio-
ri information (see KatzI7 and LouisI8), we must know
something more about the object than what the data
tell us. It is for this reason that I have suggested that
this theorem might rank in importance with the Hei-
senberg uncertainty principle in what it tells us about'
the nature of measurement.19

III. Choice of AlgorithmMatters
Most practitioners of computed tomography prefer

to use the convolution algorithm2o because it is conve-
nient, easy to program, easily hard-wired, computa-
tionally fast, based on the historic formula of Radon,21
and linear. It is, however, also characterized by
smearing of data to the whole infinite reconstruction
plane (rather than confining it to the usually known
support or bounding region for the object), an inability
to incorporate most a priori information (except for
some freedom of choice of the deconvolution filter),
and demonstrably worse reconstruction than iterative
methods when there are only a few projections avail-
able (Fig. 2). A curve of image quality vs number of
projections should plateau much sooner for iterative
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Fig. 2. (a) A 2-D binary (black/white) test pattern. (b) Its recon-
struCtion using the convolution algorithm with twelve equally
spaced parallel projections taken over a 1800 range. (c) Reconstruc-
tion of the same pattern using an iterative algorithm, additive ART

(fifty iterations).24 (d) Reconstruction by "Modified ART."25

algorithms than for the convolution algorithm. I sus-
pect tliat the latter property means that people using
the convolution algorithm are also irradiating their
subjects more than necessary and/or taking more time
than necessary to collect the data. In medicine the
consequences are more radiation exposure than neces-

'sary, a reluctance to consider CT for preventive screen-
ing rather than just diagnosis of known disease, smaller
patient throughput, and possibly even more expensive
instrumentation than necessary, especially when mov-
ing objects, such as the beating heart, are involved.
There are obviously analogous problems that should
be avoided in industrial applications.

Consider, for example, the problem of rapid inspec-
tion. In the forestry industry, we might wish to recon-
struct logs as they move at high speed through a lum-
ber mill (see Funt and Bryant22). If we could get the
best image possible from, say, even as few as three
views, and found it satisfactory (see Dhawan et al.23),
the x-ray sources and detectors could be stationary and
could operate in a simultaneous, synchronized, strobe
mode, at rates limited only by cooling of the anode.
Anything moving down a conveyor, belt or being
poured or dropped through a hole could be inspected
this way (Fig. 3).

IV. Solving Underdetermined Equations

If we take a more classical view of the CT problem,
we have a set of simultaneous linear equations:

I
(iJ) in ray k

w(k,iJ)p(iJ), (1)

where p(ij) is the gray value of pixel (ij) and we have
data for the kth ray, reading Rk, which receives a con-
tribution from (ij) that is weighted by w(k,ij) (Fig. 4).
If the rays are parallel and ij = 1, . . . ,n, we have the
order of n rays per projection. For m projections or
views, we then have n2 unknowns but only about mn
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