
into the various class regions. Neural networks can fit very complex functions to describe surfaces

separating regions, which may perform better in some cases than simple rectangular prisms, el-

lipsoids or polyhedra, without encountering the problems of storage, sensitivity to outliers, and

slow speed inherent in kNN methods.

Syntactical models
Another approach to feature recognition is used, and it is quite different from the parameter space

methods described earlier (Fu, 1974, 1982; Pavlidis, 1977; Tou and Gonzalez, 1981; Schalkoff,

1991). Syntactical models deal primarily with shape information, usually derived from the feature

outline or skeleton. This is broken down into the important pieces, and their relative positions

recorded. This recording can be likened to a set of characters that spell a word, and compared with

other words on the basis of the number of missing, substituted, or rearranged characters.

To give an example, Figure 34 shows the key elements of the letter A. The two branch points at

the sides and the corner or apex at the top identify this letter visually, and no other letter in the al-

phabet has the same key points nor the same arrangement of them. The "springs" in the figure in-

dicate that the key points can move around quite a bit without changing their usefulness for iden-

tification, as long as their relative positions remain in the same topological order. Extracting these

key points and their arrangement provides a very robust identifier of the letter, which is quite in-

sensitive to size and font. Some OCR (optical character recognition) programs that convert printed

text to computer-readable files use similar methods.

Key points such as branches and ends can be obtained directly from the skeleton, as shown in

Chapter 7. Corners can be isolated in several ways. Figure 35 shows one, in which convolution

with a simple 3 x 3 kernel can select a corner in any specified orientation. A more general corner-

finding method traverses the skeleton or outline of the feature using chain code, introduced in

Chapter 7. A sequence of links in thechain that gives a net 90-degree (or more) change in direc-

tion within a certain (arbitrary) distance along the chain is interpreted as a corner. Fitting functions

— polynomials or splines — to the edge points can also be used to locate corners.

Figure 36 shows another example of letters A through E, in several fonts, with the key identify-

ing points of each (ends, branches, and corners). There is actually more information than needed

to uniquely identify each character; some of the points can be missing (e.g., due to extreme alter-

ations in letter shape in handwritten characters) without compromising readability. Similar schemes

are used in some of the efforts to develop computer programs that read handwriting. Syntactical

characterization of the shape and density patterns in human chromosomes is routinely used in

karyotyping.

%figure 34. The important branch and corner points that identify
the letter A. The springs that connect them indicate that shifting
theirpositions, as long as their relative order remains the same,
does not interfere with the identification.
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Figure 35. Extracting corner points from a r~••.,. ❑

skeleton or outline by using a 3 x 3 ~.,~r~~

convolut2on kernel. In general, any pattern

can be found by applying a kernel that has 
Original

the same shape as the desired pattern.
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Figure 36. The letters A through E with their key bran
ches,

corners, and end points.
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D Image Acquisition

Volume imaging versus sections

tudying the three-dimensional (3D) structures of solid objects is often a goal of imaging.

Many of the two-dimensional (2D) images used in the preceding chapters have been sections

through three-dimensional structures. This is especially true in the various types of mi-

croscopy, where either polished flat planes or cut thin sections are needed in order to form the im-

ages in the first place. But the specimens thus sampled are three-dimensional, and the goal of the

microscopist is to understand the three-dimensional structure.

There are quantitative tools of great power and utility that cari interpret measurements on 2D im-

ages in ways that characterize 3D structures, As summarized in Chapter 8, these enable the mea-

surement of volume fraction of phases, surface area of interfaces, mean thickness of membranes,

and even the size distribution of spherical particles seen only in a random section. But there are

many aspects of structure, both quantitative and qualitative, that are not accessible from 2D sec-

tion images. Topological properties comprise a major category of such information, including such

"simple" properties as the number of separate objects 'in a volume. Features visible in a single

two-dimensional section do not reveal the actual three-dimensional structure present, as shown in

Figure 1. In Chapter 8, a method was shown for unfolding the distribution of circles to determine

the size distribution and total number of spheres in a sample, although this procedure requires

making a critical assumption that the objects are all spheres. If the shape of features is unknown,

can vary, or is a function of size, then this method fails.

Furthermore, as valuable as numerical measurement data may be, they cannot provide the typical

viewer with a real sense of the structure. As pointed out in the first chapter, we are overwhelmingly

visual creatures — we need to see the 3D structure. Furthermore, our world is 3D. We are accus-

tomed to looking at external surfaces, or occasionally through transparent media, not at thin sec-

tions or polished cut surfaces. Try to imagine (again the need to resort to a word with its conno-

tation of vision) standing by a busy street in which an imaginary plane exists transverse to traffic

flow, and that you can see that plane but nothing else. What do cars and people look like as they

pass through that plane?

If you have awell-developed geometric sense, or experience as a radiologist or draftsman, you

may be able to accurately visualize the appearance of that plane as portions of torsos, engine
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a b ~

Figure 1. Examples of sections throzrgl~ three
 different straictures that produce tl~e s~s~ne 2D

sections:

(a) three discrete objects;

(b) one object with simple connectivity;

(c) one object with multiple connectivity.

blocks, even simple shapes such as tires, are cut by th
e plane. Most people will have difficulty

imagining such collections of sections, and when ask
ed to sketch the sections of even simple

shapes will produce wildly inaccurate results.

If you doubt this, give yourself a simple test. Get some C
heerios, or rotini noodles, or some other

simple food object that has a well defined shape (Figu
re 2). Then mix up an opaque matrix (fudge

is good) and stir in the objects. While it is hardening, tr
y to draw what various representative ran-

dom slices through the structure might look like. After it
 has hardened, cut slices through the sam-

ple and compare the actual results to your sketches. My
 experience with students is that they have

a strong tendency to imagine sections through the obje
ct that are parallel to principal axes, and

ones that pass through the geometrical center of the ob
jects. For the Cheerios (little torii), few ac-

tual sections consist of two side-by-side circles or one a
nnulus, and are not necessarily even con-

vex (Figure 3). For the rotini, most people do not realiz
e that sections through the curved surfaces

actually produce straight lines.

As difficult as this particular visualization task may be, e
ven fewer people can make the transition

in the opposite direction: given a collection of section dat
a, to reconstruct in the mind a correct rep-

resentation of the 3D structure. This is true even of t
hose who feel quite comfortable with the 2D

images themselves. Within the world of the 2D images
, recognition and understanding can be

learned as a separate knowledge base that need n
ot relate to the 3D world. Observing the

a

~~__..__

b

Figure 2. Food objects (Cheerios and rotini noodles) that
 are useful for experimenting with the

relationship between 3D shapes and 2D section images. The
se are somewhat simpler and much more

consistent than many natural structures we would like to u
nderstand.
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Figure 3. A few sections through
a torus, producing one or two

intersections that may be
either convex or concave.

characteristic appearance of dendrites in polished metal samples, or that of mitochondria in thin

electron microscope sections of cells, or internal organs in medical images (especially because

these latter images are almost always oriented in transaxial, coronal, or sagittal views), does not

necessarily mean that the complex 3D shapes of these objects become familiar. 7n fact, these ex-

amples are good illustrations of erroneous 3D interpretations that have persistently been made

from 2D section images.

Because of this difficulty in using 2D images to study 3D stricture, there is interest in 3D imaging.

It may be performed directly, as discussed in this chapter, by actually collecting a 3D set of infor-

mation all at once, or indirectly by gathering a sequence of 2D (slice) images and then combining

them, as discussed in the next chapter. There are a variety of ways to acquire 2D images to as-

semble the data needed for 3D imaging, and also a great variety of ways to present the informa-

tion to the user. Many of each are discussed in Chapter 12. The large number of approaches sug-

gests that no one way is best, either for most viewers or for most applications.

Any method that reconstructs internal structural information within an object by mathematically

reconstructing it from a series of projections is generally referred to as tomography. It may be used

to obtain true 3D arrays of voxels (the 3D analog of the pixel in a 2D image), or to obtain a 2D

image from a series of one-dimensional (1D) line projections. The latter method is used in most
medical imaging, which is by far the most common application of CT (computed tomography) at
the present time, although, the same basic techniques axe used for 3D imaging and for other
ixnaging signals.

Medical tomography primarily uses x-ray absorption, magnetic resonance imaging (MRI), positron-

emission tomography (PET), and sound waves (ultrasound). Other fields of application and re-
search use many different frequencies of electromagnetic radiation, from x- and gamma rays (nm
wavelengths), through visible light and even microwave radiation (wavelengths from cm up). Be-
sides photons, tomography is regularly performed using electrons and neutrons. In addition to ab-
sorption of the particles or radiation, tomography can be based on the scattering or emission of ra-
diation as well. Tomography of mixing fluids can sometimes be performed by measuring the
electrical resistance or impedance between multiple points around the containment vessel (Mann
et al., 2001; York, 2001).

Chapter 11: 3D Image Acquisition 557
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Sound waves produced by small intentional explo
sions or by "ground thumpers" are used to im-

age underground strata for prospecting, while natu
rally occurring noise sources such as earth-

quakes are used to perform seismic tomography,
 imaging underground faults, rock density be-

neath volcanoes, and locating discontinuities betwe
en the mantle and core of the earth. Devices are

also used for listening to moon- and mars-quakes, 
which will reveal their internal structure, and ac-

tive studies of the seismic structure of the sun.

Basics of reconstruction
X-ray absorption tomography is one of the oldest

, most widely used methods and will be used

here to illustrate the various parameters, artefacts,
 and performance possibilities. Images pro-

duced by computerized axial tomography (CAT s
cans) and similar methods using magnetic res-

onance, sound waves, isotope emission, x-ray sc
attering or electron beams, deserve special at-

tention. They are formed by computer process
ing of information from many individual pieces

of projection information obtained nondestructiv
ely through the body of an object, which must

be unfolded to see the internal structure. The 
mathematical description of the process pre-

sented here is that of x-ray absorption tomogr
aphy, as it is used both in medical applications

and in industrial testing (Herman, 1980; Kak and 
Slaney, 1988, 2001; Natterer, 2001; Natterer and

Wubbeling, 2001). Similar sets of equations and me
thods of solution apply to the other signal

modalities.

Absorption tomography is based on physical proc
esses that reduce intensity as radiation or parti-

cles pass through the sample in straight lines. In s
ome other kinds of tomography, the paths are

not straight and the reconstruction takes place alo
ng curved lines (e.g., magnetic resonance imag-

ing and x-ray scattering tomography), or even al
ong many lines at once (seismic tomography).

This makes the equations and graphics slightly m
ore confusing, but does not affect the basic prin-

ciples involved.

X-rays pass through material but are absorbed al
ong the way according to the composition and

density which they encounter. The intensity (nu
mber of photons per second) is reduced accord

-

ing to a linear attenuation coefficient u, which f
or an interesting specimen is not uniform but ha

s

some spatial variation so that we can write }~(xy
,z), or fora 2D plane through the object, }~(xy).

The linear attenuation coefficient is the product 
of the density and the mass absorption coeff

i-

cient, which depends on the local elemental comp
osition. In medical tomography, the composit

ion

varies only slightly, and density variations are pr
imarily responsible for producing images. For in

-

dustrial applications, significant variations in com
position are also usually present. The measur

ed

intensity along a straight line path through this d
istribution is given by

x dS =10 I
µ~ 'y~ ge I~ C1)

d

where Io is the incident intensity (from an x-ray 
tube or radioisotope) that is known and genera

lly

held constant, and Id is the detected intensity. This
 is called the ray integral equation and descr

ibes

the result along one projection through the obj
ect.

If a series of parallel lines are measured, either o
ne at a time by scanning the source and det

ector,

or all at once using many detectors, a profile of
 intensity is obtained, which is called a view. 

As

shown schematically in Figure 4, this function i
s usually plotted as the inverse of the intensity, 

or

the summation of absorption along each of the l
ines. The function is written as P(~,t) to i

ndicate

that it varies with position along the direction t as
 rays sample different portions of the object, 

and

also with angle ~ as the mechanism is rotated a
round the object to view it from different 

directions

(or equivalently as the object is rotated).

558 The Image Processing Handbook 
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Figure 4. Illustration of cz set of projections through an object
at a viewing angle ~ forming the function P.

Each of the views is aone-dimensional profile of measured attenuation as a function of position, cor-
responding to a particular angle. The collection of many such views -can be presented as a 2D plot
or image in which one axis is position t and the other is angle c~. This image is called a sinogram or
the Radon transform of the 2D slice. Figures 5 and 6 show a simple example. The construction of
a planar figure as shown in Figure 5a is called a phantom, and is used to evaluate the important vari-
ables and different methods for reconstructing the object slice from the projection information. Such
phantoms typically mimic the important structures of real interest, as an aid to evaluating recon-
struction algorithms. Compare it to Figure 5b showing an actual MRI image of a brain tumor.

The individual projection profiles shown in Figure 6 show some variation as the angle is changed,
but this presentation is difficult to interpret. The sinogram in Figure 6b organizes the data so that
it can be examined more readily. The name sinogram comes from the sinusoidal variation of po-
sition of projections through the various structures within the phantom as a function of rotation,
which is evident in the example. The name Radon transform acknowledges the fact that the prin-
ciples of this method of imaging were published in 1917 by Radon. However, the equations he pre-
sented did not provide a practical way to implement a reconstruction since they required a con-
tinuous array of projections, and it was not until Hounsfield and Cormack developed a practical
reconstruction algorithm and hardware that CAT scans became a routine medical possibility. A. M.
Cormack developed a mathematically manageable reconstruction method at Tufts University (Med-
ford, MA) during 1963-1964, and G. N. Hounsfield designed a working instrument at EMI, Ltd. in
England in 1972. They shared the Nobel prize in 1979.

The Fourier transform of the set of projection data in one view direction can be written as

S t~ ~) = f P(~, t) e ?asatdt

Figure 5. A phantom (test object
with geometrical shapes of
known density) and a real
magnetic resonance image of
a tumor (bight area) in a
section through a head.

(2)

L
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Figure 6. Sixteen attenuation

pro, files for the phantom in

Figure S
(a) and the sinogram or

Radon transform

(b) produced by plotting 180

such profiles (each as one

horizontal lane).

—q0 —~D b ED

a b

Radon showed that this could also be written as

S(~,~)_~ f f(x,y)e,asocX~os@+ys'n~~dxdy (3)

which is simply the 2D Fourier transform emu, v) 
for the function , fix, y) with the constraints that

u = t~ cos ~ and v = cu sin ~. This is consequently 
the equation of the line for the projection.

What this relationship means is that starting with th
e original image of the phantom, forming its

two-dimensional Fourier transform as discussed in
 Chapter 5, and then looking at the information

in that image along a radial direction from the ori
gin normal to the direction ~ would give the func- 

~

tion S, which is just the 1D Fourier transform of the 
projection data in direction ~ in real space. The

way this can be used in practice is to measure the
 projections P in many directions, calculate the

one-dimensional transforms S, plot the complex coe
fficients of S into a 2D transform image in the

corresponding direction, and after enough direction
s have been measured, perform an inverse 2D

Fourier transform to recover the spatial domain imag
e for the slice. This permits a reconstruction 

~

of the slice image from the projection data, so that
 anon-destructive internal image can be ob- 

i

tained. It is the principle behind tonzographic imag
ing.

Figure 7 shows an example. Eight views or sets of 
projections are taken at equal angle steps, the

Fourier transform of each is calculated and plott
ed into a 2D complex image, which is then re-

constructed. The image quality is only fair, becau
se of the limited number of views. When 180

views at one-degree intervals are used, the resul
t is quite good. The artefacts which are still pre-

sent arise because of the gaps in the frequency 
space image. This missing information is especial

ly

evident at high frequencies (far from the origin)
 where the lines from the individual views be

-

come more widely spaced. All tomographic reco
nstruction procedures are sensitive to the num

ber

of views, as we will see.

By collecting enough views and performing this 
Fourier space reconstruction, it is possible to per

-

form real tomographic imaging. In practice, few 
systems actually work this way. An exactly equiv

-

alent procedure that requires less computation is a
lso available, known as filtered backprojection

.

This is the method used in most medical scanners
 and some industrial applications.

The principle behind backprojection is simpl
e to demonstrate. The attenuation plotted in e

ach

projection in a view is due to the structure of the
 sample along the individual lines, or ray integr

als.

It is not possible to know from one projection
 just where along the line the attenuation occurs, 

but

it is possible to evenly distribute the measured atten
uation along the line. If this is done for only 

~
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Figure 7. Reconstruction
~n frequency space.
The (compCex) 1D
Fourier transforms of
protection sets or
views at different
angles are plotted into
a 2D frequency
domain image, which
is then reconstructed:
(a) 8 views in frequency
space;
(b) 180 views in
frequency space;
(c) reconstruction from
a;
(d) reconstruction from
b.

a single view, the result is not very interesting. If it is done along projections from several views,

however, the superposition of the density or attenuation values should correspond to the features

present in the structure.

- Figure 8 illustrates this result for the same phantom. It is possible to see the dense (dark) cylin-

' der with its hollow (light) core in the projections. Data from several views overlap to delineate the

i ~ cylinder in the reconstructed image. There is a problem with this result, however. The attenuation

or density of uniform regions in the original phantom is not constant, but increases toward the cen-

ter of the section. Also, edges are blurred.

The cause of this problem can be described in several different but equivalent ways. The projec-

- tions from all of the views contribute too :much to the center of the image, where all projections

~ overlap. The effect is the same as if the image was viewed through an out-of-focus optical system

- whose blur or point spread function is proportional to 1/r, where r is the frequency, or the distance
T from the center of the frequency transform.

r We saw in Chapter 5 how to remove a known blur from an image: apply an inverse function to the
frequency space transform that attenuates low frequencies before retransforming. Based on the
Fourier approach, and writing the reverse transformation in terms of polar coordinates, this gives

s

i. f~X, Y)- J J 5
~~, ~) (~ ~ e~zsotd~d~ C4)

o-
or, in terms of x and y,

h n

~ ~ f(x,y)=J Q~(xcos~+ysin~)d~ (5)
it
y o
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P~gure 8. Back prof ectlon in

the spatial domain. The

attenuaMon values ~n

each view are pro,~ected

back through the object

space along each

profectton line. Adding

together the data from

many view directions

does show the ma,~or

features, but the image

is blurred

(a) 1 view;
(b) 6 views;

(c) 30 views;
(d) 180 views.

where

Q~= f+ j2sR[S(~,ZSi)~~e d~5 (6)

This is just the convolution of S, the Fourier transform of the projection, by ~ w ~ the absolute value

of frequency. In frequency space, this is an ideal inverse filter which is shaped as shown in Fig-

ure 9. But, as was pointed out in Chapter 5, convolutions can also be applied in the spatial do-

main. The inverse transform of this ideal filter is also shown in Figure 9. Note its similarity to the

shape of a Laplacian or difference of Gaussians as discussed in Chapter 4.

Asa 1D kernel or set of weights, this function can be multiplied by the projection P just as kernels

were applied to 2D images in Chapters 3 and 4. The weights are multiplied by the values, and the

sum is saved as one point in the filtered projection. This is repeated for each line in the projection

set or view. Figure 10 shows the result for the projection data, presented in the form of a sinogram.

Edges (high frequencies) are strongly enhanced, and low-frequency information is suppressed.

The filtered data are then projected back, and the blurring is corrected as shown in Figure 11. Fil-

tered backprojection using an ideal or inverse filter produces results identical to the inverse Fourier

transform method described previously. The practical implementation of filtered back projection is

easier because the projection data from each view can be filtered by convolution (a 1D operation)

and the data spread back across the image as it is acquired, with no need to store the complex (i.e.,

real and imaginary values) frequency space image needed for the Fourier method, or retrans-

forming it afterward.

Notice in Figure 11 that the quality of the image, and the effect of number of views on the arte-

facts, is identical to that shown for the frequency space method in Figure 7. In the absence of

noise in the data and other effects which will be discussed in the next section, these two methods

are exactly equivalent.
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Figure 9. An ideal inverse filter, which selectively removes low
frequencies, and its spatial domain equivalent kernel.
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Figure 10. The filtered projection data from Figure 6, shown as

a sinogram.

Algebraic reconstruction methods
The problem of solving for the density (actually, for the linear attenuation coefficient) of each lo-

cation in the image can also be viewed as a set of simultaneous equations. Each ray integral (or

summation, in the finite case we are dealing with here) provides one equation. The sum of the at-

tenuation coefficients for the pixels (or voxels) along the ray, each multiplied by a weighting fac-

tor that takes into account the actual path length of that ray through the pucel, is equal to the mea-

sured absorption. Figure 12 illustrates the relationship between the pixels and the ray integral

equations.

The number of unknowns in this set of equations is the number of pixels in the image of the slice

through the specimen. The number of equations is the number of ray integrals, which is generally

the number of detectors used along each projection profile times the number of view angles. This

is a very large number of equations, but fortunately many of the weights are zero (most peels are

not involved in any one particular ray integral equation). Furthermore, the number of equations

rarely equals the number of unknowns. But fortunately there are a number of practical and well

tested computer methods for solving such sets of sparse equations when they are under- or overde-

termined.

It is not our purpose here to compare the various solution methods. A suitable understanding of

the method can be attained using the simplest of the methods, known as the algebraic recon-

struction technique or ART (Gordon, 1974). In this approach, the equations are solved iteratively.

The set of equations can be written as

Am•~~X~ —I~~' ~7~
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Figure 11. Filtered back pro, fection. The method ~s the same as

~n P~gure 8, except that the vaCues for each view have been

fl~tered by convolution with the function ~n Figure 9.•

(a) 1 view;

(h) 2 views;

(c) 4 views;

(d) 8 views;

(e) 16 views;

(f~ 32 views;

(g~ 180 views.

a:

e f

a

~l

where n is the number of voxels, m is the number of projections, and A is the matrix of w
eights

that correspond to the contribution of each voxel to each ray path. The voxel values are the x 
val-

ues and the projection measurements are the b values. The classic ART method calculates each 
it-

erative set of x values from the preceding ones as

Xk+l _ 
Xk -I- A; (b; — A;`x'`) I I A; ~ ~2 (g)

The value of ~,, the relaxation coefficient, generally lies between 0 and 2, and controls the 
speed

of convergence. When ~, is very small, this becomes equivalent to a conventional least squa
res so-

lution. Practical considerations, including the order in which the various equations are applied, 
are

dealt with in detail in the literature (Censor, 1983, .1984).

Figure 13 shows a simple example of this approach. The 16x16 array of voxels has 
been given

density values from 0 to 20 as shown in Figure 13b, and three projection sets at view an
gles of
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~ µ~ i t Figure 12. Schematic drawing of pixels (or voxels, because
= io• e i=+ they have depth) in a plane section of the specimen, and

the rczy integral equations which sum up the attenuation.

m

0• e ~µ ~•t

Figure 13• Example of the
~ctppliccction of an iterative
solution. Three projection sets
were calculated for an array
of 25 detectors, with view
directions of 0° 90° and 180°
(a) The simulated specimen
(b) contains a 16 x 1 G array
of voxels. The calculation
results after
(c) one,
(d) five, and
(e) 50 iterations are shown.
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s s s s s s s s s s s s s s s s
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4 0 0 0 3 11 16 77 16 15 6 0 0 0 0 8

1

0 0 0 0 4 I6 19 16 15 15 8 1 2 1 2 6 0 0 0 1 6 21 24 17 15 15 10 1 0 0 0 3

0 2 4 3 5 13 16 17 17 15 10 5 2 3 2 2 
0 0 0 1 5 19 23 16 14 14 9 1 1 0 1 3 0 0 3 3 6 16 20 17 i 6 16 12 4 2 2 1 1
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z ~ 0 0 1 0 3 6 7 8 8 9 2 2 5 62 0 0 0 0 2 5 6 8 9 11 8 4 5 6 7 3 2 1 8 1 2 5 5 6 7 8 7 2 2 5 6 z ~ 2 0 5 3 5 6 8 9 10 12 6 4 23 8 0 0 4 4 5 6 7 9 10 it 8 4 3 3 4 1 1 0 5 4 5 6 8 8 10 12 5 4 2 1

3 1 0 3 5 4 4 6 7 7 9 9 6 5 7 4 5 2 1 3 5 3 4 6 7 7 7 10 6 4 5 4 
4 2 1 3 5 3 4 7 8 6 7 10 6 4 5 5

3 3 1 1 5 4 5 5 7 8 8 9 5 4 4 6 3 4 2 2 5 4 5 6 7 7 7 9 5 4 3 4 
2 4 2 2 5 4 5 6 8 7 7 9 5 4 4 4

5 4 3 4 7 6 5 5 5 7 8 9 5 5 5 fi 6 3 2 5 8 5 5 4 5 6 7 9 5 4 5 5 
7 3 1 5 8 5 6 5 6 5 7 9 5 4 5 5

4 5 5 6 6 6 6 5 6 6 7 8 9 5 4 4 7 8 6 6 7 5 7 4 6 5 5 6 10 5 3 4
5 7 5 6 6 5 6 5 6 5 6 6 9 5 3 3 7 g ~~ ~z X 6 6 1 3 4 8 7 7 5 3 34 5 6 8 6 6 6 5 5 5 8 8 7 5 3 4 5 7 8 10 6 5 6 3 4 4 7 7 7 4 3 3

~ d e

0°, 90°, and 180° calculated for the fan beam geometry shown in Figure 13a. For an array of 25
its detectors, this gives a total of 75 equations in 256 unknowns. Starting with an initial guess of uni-

~l- form voxels (with density 10), the results after one, five and fifty iterations are shown. The void ar-
it- eas and internal square appear rather quickly, and the definition of boundaries gradually improves.

The errors, particularly in the corners of the image where fewer ray equations contain any infor-

mation, and at the corners of the internal dense square, where the attenuation value changes
3) abruptly, are evident. Still, considering the extent to which the system is underdetermined, the re-

sults are rather good.
ed

Kacmarz' method for this solution is illustrated in Figure 14, for the very modest case of three;o_

ire equations and two. unknowns, and ~, = 1. Beginning at some initial guess, for instance that all of
the pixels have the same attenuation value, one of the equations is applied. This is equivalent to
moving perpendicular to the line representing the equation. This new point is then used as a start-

en
ing point to apply the next equation, and so on. In the real case the equations do not all meet in

of
a perfect point. Because of finite precision in the various measurements, counting statistics,
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P~gure 14. Schematic diagram of Kacmarz' method for

iteratively solving a set of equations, shown here for the case

of two unknowns. ~.

machine variation, etc. there is no single point that represents a stable answer.
 Instead, the solu-

tion converges toward a region that is mostly within the region between the va
rious lines, and then

oscillates there. In ahigh-dimensionality space with some noisy equations, 
however, it is possible

for the solution to leave this region and wander away after many iterations.

In real cases with many dimensions, the convergence may not be very fast. Th
e greatest difficulty

in using the iterative algebraic technique is deciding when to stop. Logically, we w
ould like to con-

tinue until the answer is as good as it can get, but without knowing the "truth
" this stopping point

is not possible to judge exactly. Some methods examine the change in the ca
lculated image after

each iteration and attempt to judge from that when to stop (for instance, whe
n the normalized to-

tal variation in pixel values falls below some arbitrary limit, or when it increases f
rom the previous

iteration). This method is prone to serious errors in a few cases, but is used no
netheless. It should

be noted that the penalty for continuing the iteration is not simply the com
putational cost, but

also the possibility that for some sets of data, the answer may start to diverge
 (leave the bounded

region near the crossover point). This condition is, of course, highly undes
irable.

Given the drawbacks to the algebraic approach, and the relative simplicit
y and straightforward

approach of the filtered back projection method, why would we use this met
hod? There are sev-

eral potential advantages of algebraic methods such as ART. First, the filt
ered back projection

method, and the Fourier transform method which it embodies, require that
 the number of views

be rather large, and that they be equally spaced so that frequency space
 is well filled with data.

Missing angles, or entire sets of angles which may be unattainable due to physi
cal limitations, pre-

sent problems for filtered back projection and introduce significant artefact
s. ART methods can

still produce an acceptable reconstruction. There may still be lack of detail i
n portions of the re-

constructed image which are undersampled by the projections, but the 
artefacts do not spread

throughout the entire image, In fact, acceptable reconstructions are ofte
n obtained with only a

very few views (examples are shown in the following).

Another advantage to ART is the ability to apply constraints. For instance, i
t is possible in a filtered

back projection or Fourier transform method to calculate negative values of 
density (attenuation)

for some voxels, because of the finite measurement precision. Such values hav
e no physical mean-

ing. In the iterative algebraic method, any such values can be restricted to ze
ro, In the schematic

diagram of Figure 14, this amounts to restricting the solution to the quadr
ant of the graph with

positive values.

In fact, any other prior knowledge can also be applied. If it is known that t
he only possible val-

ues of density and attenuation in the specimen correspond to specific mater
ials, then the values can

be easily constrained to correspond. Any geometric information, such as the o
utside dimensions of

the object, can also be included (in this case, by forcing the voxels outside th
e object boundaries

to zero).

566 The Image Processing Handbook

mrush
Sticky Note
None set by mrush

mrush
Sticky Note
MigrationNone set by mrush

mrush
Sticky Note
Unmarked set by mrush



i-
n
le

ty
z-
zt
~r

~-
zs
ld
ut
,~

,~

v-
m
vs

It is even possible to set up a grid of voxels that are not all of the same size and spacing. This setup

might allow, for instance, the use of a fine voxel spacing in the interior of an object where great

detail is desired, but a much coarser grid outside (or vice versa). This would still allow the calcu-

lation of the contribution of the outside material to the ray integrals, but would reduce the num-

ber of unknowns to produce a better solution for any given number of views and projections. Sets

of non-square pixels or non-cubic voxels can also be used when necessary to conform to specific

object shapes and symmetries.

The flexibility of the algebraic method and its particular abilities to use a priori information often

available in an industrial tomography setting compensates for its slowness and requirements for

large amounts of computation. The calculation of voxel weights (the A matrix) can be tedious, es-

pecially for fan beam or other complex geometries, but no more so than backprojection in such

cases, and it is a one-time calculation. The use of other solution methods than the simple iterative

approach described here can provide improved stability and convergence.

Maximum entropy
There are other ways to solve these huge sets of sparse equations. One is the so-called maximum

entropy approach. Maximum entropy was mentioned as an image processing tool to remove noise

from a 2D image, in Chapter 3. Bayes' theorem is the cornerstone for the maximum entropy ap-

proach, given that we have relevant prior information which can be used as constraints. In the case

where no prior information is available but noise is a dominant factor, Bayes' theorem leads to the

classical or "least squares" approximation method. It is the use of prior information that permits a

different approach.

The philosophical justification for the maximum entropy approach comes from Bayesian sta-

tistics and information theory. It has also been derived from Gibbs' concept of statistical

thermodynamics (Jaynes, 1967). For the nonspecialist, it can be described as follows: find the

result (distribution of brightnesses in pixels of image, distribution of density values in a voxel

array, or practically anything else) that is feasible (consistent with the known constraints, such

as the total number of photons, the non-negativity of brightness or density at any point, the

physics involved in the detector or measurement process, etc.) and has the configuration of val-

a, ues which is most probable.

e- ! This probability is defined as being able to be formed in the most ways. For an image formed by

~n photons, all photons are considered indistinguishable, and the order in which they arrive is unim-

e- portant, so the distribution of photons to the various pixels can be carried out in many ways. For

~~ some brightness patterns (images) the number of ways to form the pattern is much greater than

a others. We say that these images with greater multiplicity have a higher entropy. Nature can form

them in more ways, so they are more likely. The entropy is defined as S = — p; log p;, where pi is

,d the fraction of pixels with brightness value i.

n~ The most likely image (from a simple statistical point of view) is for all of the pixels to get the same

n- average number of photons, producing a uniform grey scene; however, this result may not be per-
ic miffed by our constraints, one of which is the measured brightness pattern actually recorded. The dif-
th ~ ference between the calculated scene and the measured one can only be allowed to have a set up-

per limit, usually based on the estimated noise characteristics of the detector, the number of photons,

~l_ etc. Finding the feasible scene which has the highest multiplicity is the maximum entropy method.

~n For instance, in solving for the tomographic reconstruction of an object from the set of ray integral

of equations obtained from various view angles, we have a large set of simultaneous equations in

es many unknowns. Instead of formally solving the set of simultaneous equations, for instance by a

traditional Gauss Jordan elimination scheme which would take far too many steps to be practical,
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the maximum entropy approach recasts th
e problem. Start with any initial guess (in 

most "well-be-

haved" cases, the quality of that guess mat
ters little in the end result) and then itera

tively, starting

at that point, find another solution (withi
n the class of feasible solutions as defined

 by the con-

straints) that has a higher entropy. Decidi
ng which way to move in the space define

d by the pa-

rameters (the values of all the voxels) is u
sually done with LaGrange multipliers by t

aking partial

derivatives and trying always to move "up
hill" where the objective function used to 

evaluate each

set of values is the entropy.

It is usually found that the solution having
 the maximum feasible entropy (i.e., perm

itted by the

constraints) is hard against the boundary 
formed by those constraints, and if they wer

e relaxed the

solution would move higher (towards a 
more uniform image). Knowing or assumin

g that the so-

lution lies along the constraint boundaries
 allows use of more efficient schemes for f

inding the best

solution. For the noise removal problem. 
discussed in Chapter 3, the constraint is commo

nly the chi-

squared value of the smoothed image as 
compared to the measured one. This is ge

nerally as-

sumed to be due to classical noise, and
 so should have an upper limit and a kno

wn distribution.

For tomographic reconstruction, the const
raints are based on satisfying the ray inte

gral equations.

These are not all consistent, so a weighti
ng scheme must be imposed on the error;

 linear weight-

ing is the simplest and most often used. It
 turns out that in most cases, the cluster of

 solutions with

high entropies, all permitted by the cons
traints, are virtually indistinguishable. In ot

her words, the

maximum entropy method does lead to a
 useful and robust solution. While the sol

ution is still it-

erative, the method is quite efficient as 
compared to other solution techniques.

Defects in reconstructed images
The reconstructed example shown abov

e in Figures 7 and 11 was calculated usi
ng projection

data simulated by computation, with no 
noise or any other defect's, In real tomogr

aphy, a variety

of defects may be present in the projecti
on sets that propagate errors back into the

 reconstructed

image. Using the same phantom, several 
of the more common ones can be demonstr

ated.

Ideally, a large number of view angles an
d enough detector positions along each pr

ojection set will

be used to provide enough information
 for the reconstruction. In the event that f

ewer projections

in a set or fewer views are used, the im
age has more reconstruction artefacts and 

poorer resolu-

tion, definition of boundaries, and preci
sion and uniformity of voxel values. Figure

 15 shows the

effect of fewer projections in each set bu
t still uses 180 view angles. The reconstru

cted images are

displayed with 100 x 100 pixels. This id
eally requires a number of ray integrals in e

ach projection

set equal to at least ~ times the width
, or 141 equations for each view. With few

er, the resolu-

tion of the reconstruction degrades.

If fewer view angles are used (but the a
ngular spacing is still uniform), the artefa

cts in the recon-

struction increase as was shown above in
 Figure 11. If the view angles are not uni

formly spaced,

the results are much worse as shown in
 Figure 16.

In real images, the number of x-ray pho
tons detected at each point in the project

ion set is subject

to fluctuations due to counting statistics. 
In many cases, both in medical and industria

l tomography,

the number of photons is limited. In med
ical applications, it is important to limit the

 total exposure

to the subject. In industrial applications,
 the limitation is due to the finite source st

rength of either

the x-ray tube or radioisotope source,
 and the need to acquire as many views as

 possible within

a reasonable time. In either case, the v
ariation in the number of detected x-rays vari

es in a Gauss-

ian or normal distribution whose stand
ard deviation is the square root of the num

ber counted.

Counting an average of 100 x-rays prod
uces a variation whose standard deviation

 is 10% ( 100 =

10), while an average of 10,000 x-rays is 
needed to reduce the variation to 1% ( 104 =

102 ).

F
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Figure 16. Effect of using a

set of view angles that

do not uniformly filC the

angular range:

(a) 150-degree coverage;

(b) 120-degree coverage;

(c) 90-degree coverage;

(d) a different 90-degree

range.

b_

d

a _

d_

Figure Y5. Effect of number

of ray integraCs in the

projection set on
reconstructed image

quality. Each image is

reconstructed with 100

x 100 pixels, and is

caCculated from 180

view angles. The images

show the use of
(a) 25,•

~~ ~9~
(c) 75, and
(d) 99 ray projections,
respectively.
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The process of reconstruction amplifies the effect 
of noise in the projections. This is the same ef-

fect of noise seen in Chapter 5 for removing blu
r by deconvolution, and arises from the same

mathematical procedures. The filtering process sup
presses the low frequencies and keeps the

high frequencies, and the counting fluctuations v
ary randomly from point to point and so are

represented in the highest frequency data. Fig
ure 17 shows the result. Adding a statistical or

counting fluctuation of a few percent to the si
mulated projection data produces a much greater

noise in the reconstructed image. Although the
 density differences in the three regions of the

phantom vary by 100%, some of the regions 
disappear altogether when 10% or 20% noise is

added to the projection data.

Suppression of the high-frequency noise in the 
projection data by the filtering process can reduce

the effect of the noise somewhat, as shown in Fi
gure 18. Notice that the noise variations in the re-

constructed images are reduced, but that the high 
frequency data needed to produce sharp edges

and reveal the smaller structures are gone as well.

Several different filter shapes are used for this 
purpose. Figure 19 shows representative exam-

ples, in comparison to the shape of the ideal inv
erse filter that was discussed above. The plots are

in terms of frequency. All of the filters reduce the
 low frequency values, which is required in or-

der to prevent blurring, and all of the noise redu
ction filters also attenuate the high frequencies in

order to suppress the noise.

Another important source of errors in the recons
truction of images is imprecise knowledge of the

location of the center of rotation, ox variation in
 that center due to imperfect mechanical znecha-

nisms (Barnes et al., 1990). As shown in Figure 20
, this variation also produces an effect in the re-

constructed image which is magnified. The char
acteristic "U" shaped arcs result from an off-cen-

ter rotation, because view angles in a range of 18
0° were used. If 360-degree rotation is used, a

complete circular arc is present (Figure 21) tha
t also distorts the reconstruction but is more diffi-

cult to recognize. Note that it is not common to 
collect data over a complete 360-degree set of

Figure 17. Effect of

counting statistics on

reconstruction. The

images were

reconstructed from

simulated pro,~ection

data to which Gaussian

random fluctuations

were added

(a) 2R~o;

~) 5%
(c) 10%;

(d) 20%.

. 
,f.. ?_

~~'~-~`

b _

2

s
t
c
c

I
c
c

1

1
1

1
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Figure 18. Reconstructions
from the same projection

data wath superimposed
counting statistics
variations as in P~gure

17, but using a Hann

ftlter instead of an ideal

inverse filter to reduce the

high frequency noise.

angles, because in the absence of off-center rotation or beam hardening (discussed below) 
the

second half of the data would be redundant. The effect of a variable center is equal in magnit
ude

with 360-degree rotation, but harder to recognize. In general, it is required that the location of the

center of rotation and its constancy should be less than about one-tenth of the expected spatial res-

olution in the reconstructed images.

Similarly, the motion of the object should be restricted during the collection of the multiple views.

In medical imaging, where the most common imaging geometry is to place the subject inside a cir-

cular track on which the source and/or detectors rotate, this means that the patient must not breathe

during the scanning process. If the images are expected to show the heart, the entire collection of

views must be obtained in a time much shorter than the single beat, or else some stroboscopic trig-

gering scheme must be used to collect images at the same relative timing over many beats.

Figure 19. Filter profiCes for noise 1 + IdeaJ inverse

reduction fin, filtered back •9 •Hann

f'O ~GCt~Oft: 
s O Hamming

p .~ 4 Butterworth

.7 ~'~

Ideal inverse: Weight = ~ f ~
Hann: Weight = ~, f ~ • (0.5 + 0.5 cos [(Td2) ~ 6 ~,,~"

Hamming: Weight = ~, f ~ • (0.54 + 0.46 cos '~.4

Butterworth (n = 3~: Weight = ~f'~ • 1/ Z

C1 +(f/2fm)2n) .i

Frequency
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Figure 20. Effect of errors

in the center of rotation

on the reconstructed

image. In each of these

images, the center is

consistent, but

displaced from the

location assumed in the

rotation by a fraction

of the image width:

(a) 0.5%;

(b) 1.0%,

(c) 2.5%;

(d) 5.0%

sx.ii~,

c

' :~
a .Y

b

b

~'~

Y'

f: 
~= 
]'.

[1.

Figure 21. Repeating the

reconstructions of

Figure 20 using the

same number of views

(180) but spread over

360° instead of 180°

with the center of

rotation displaced from

the assumed location by

a fraction of the image

width:

(a) 0.5%;

(b) 1.0%;

(c) 2.5%;

(d) S.0%

f

s

s

L-

a

c

v
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Beam hardening
Beam hardening is the name used to describe the

 effect in which the lower energy or "softer" x-

rays from a polychromatic source such as a conventional x-
ray tube are preferentially absorbed in

a sample. The consequence is that the effective at
tenuation coefficient of a voxel is different de-

pending on whether it is on the side of the specimen near the sour
ce or farther away. This varia-

tion along the path is indicated schematically in Figure 22
. Beam hardening is not a major prob-

lem in medical tomography because the variation in compos
ition of the various parts of the human

body is only slight. Everything is mostly water with
 some addition of carbon, a trace of other ele-

ments, and for bones, some calcium. The density is variable, and
 is in fact what the reconstructed

image shows, but the range of variation is small. This 
uniformity makes x-ray tubes an acceptable

source, and simple back projection a suitable reco
nstruction method.

Industrial applications commonly encounter samples w
ith a much greater variation in composition,

ranging across the entire periodic table and with phys
ical densities that vary from zero (voids) to

more than ten times the density of biological tissue.
 This large range of variation makes beam

hardening an important problem. One solution is to us
e a monochromatic source such as a ra-

dioisotope ox a filtered x-ray tube. Another is to use two different energ
ies (Schneberk et al., 1991)

or a combination of absorption and x-ray scattering data (
Prettyman et al., 1991) and to use the two

projection sets to correct for the change in composition in the r
econstruction process; however, this

method increases the complexity significantly and require
s an algebraic solution method rather

than back projection or Fourier techniques.

Figure 23 shows a representative example of the beam h
ardening effect in the same phantom

used previously. In this case, the sample composition is sp
ecified as void (the lightest region and

the surroundings), titanium (the medium grey region of the ell
iptical object), and iron (the dark re-

gion). The total width is 1 cm, and the x-ray tube is assumed to be
 operating at 100 kV. This is in

fact a very modest amount of beam hardening. A larger specim
en, a lower tube voltage, higher

atomic number elements, or a greater variation in atomic numb
er of density, would produce a

much greater effect.

Figure 24 shows reconstructions of the image using view angles w
hich cover 180° and 360°, re-

spectively. In most tomography, 180° is adequate since the projecti
ons are expected to be the

same regardless of direction along a ray path. This assumption is
 not true in the case of beam

hardening (as it was not for the case of off-center rotation), and so bette
r results are obtained with

a full 360° of data. Notice, however, that artefacts are still present. This 
is particularly true of the

~̀ central feature, in which the narrow void is hardly visible. Figure 25 s
hows the same phantom

,y with no beam hardening, produced with a monochromatic x-ray source.

'figure 22. Schematic diagram of beam hardening. The

energy spectrum of x-rays from an x-rccy tube is shown

at the beginning, middle, and end of the path through

the specimen. As the lower energy x-rays are absorbed,

the attenuation coefficient of the sample changes

independent of any actual change in composition or

density.

t ~ .`
't'~<-:
~~~ Xray Enes~y
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Figure 23. Example of beam
hardening effect on the
sonogram or Radon
transform
(a) and the inverse filtered
data
(b). Notice that the contrast

of each feature changes
according to where it lies
within the rotated object.

r~

b

Figure 24. Reconstruction of
the beam-hardened data
from Figure 23:
(a) 180 views covering 180°•

(b) 180 views covering 360°.

When x-rays pass through material, the attenuation coefficient that reduces the transmitted inten-

siry consists of two principal parts: the absorption of the x-rays by the excitation of a bound elec-

tron, and the scattering of the x-rays either coherently or incoherently into a different direction. 
In

either case, the photons are lost from the direct ray path, and the measured intensity decreases. 
In

the case of scattering, however, the x-rays may be redirected to another location in the detector 
ar-

ray (see the discussion of the geometries of various generations of instrument designs, in the 
fol-

lowing paragraphs).

When this scattering takes place, the measured projection profiles contain additional 
background

on which the attenuation data are superimposed. The presence of the background also 
produces

artefacts in the reconstruction as shown in Figure 26. The effect is visually similar to that 
produced

by beam hardening.

In addition, the uniform regions in the object are reconstructed with a variable density due to 
the

background. Figure 27 shows this reconstruction for a simple annular object (a crude mode
l for

a bone cross-section), and Figure 28 shows plots across the center of the reconstructions. The 
de-

viation from a uniform density in the reconstruction is called cupping. Note that this example 
uses

}
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lyigure 26. Reconstruction

of the phantom in

Fagure 25 when the

measured projection

sets include scattered

background radiation

of
(a) S;
(b) 10;

(c) 20; and

(d) 40% of the average

intensity. The effect on

the image is similar to

beam hardening. Small
features are obscured by
artefacts, and the overall
contrast changes.

Figure 25. Reconstruction of the same phantom as Figure 23 but
using a monochromatic SO kVx-ray source. Notice particularly
the void in the center of the object, which is not visible in
Figure 24.

r .

a ~~—

,, ;~~
:~
Q

b

materials similar to those in the human body. Medical tomography is not usually required to pro-

duce aquantitatively accurate measure of density; however, it is used to show the location of in-

ternal structures and boundaries (this may not be true in all cases; for example radiography and
computed tomography are used to measure bone density loss due to osteoporosis). Industrial to-

mography is often called upon to measure densities accurately so as to quantify gradients in parts
due to processing, and this source of error is therefore of concern.

,Although medical applications rarely need to measure densities exactly, they do require the abil-
ity to show small variations in density. A test phantom often used to demonstrate and evaluate per-

formance in this category is the Shepp and Logan (1974) head phantom. Composed of ellipses with
densities close to 1.0, it mimics in simplified form the human head, surrounded by a much denser
skull, and containing regions very slightly lower or higher in density that model the brain structure
and the presence of tumors. The ability to image these areas is critical to the detection of anom-
alies in real head scans.
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Figure 27. Reconstruction of a

simple annulus with outer

composition of calcium

carbonate (an
approximation to bone)

and an inner compos3t~on

of water (an
approximation to tissue):

(a) no scattered background;

(b) 10% scattered

background in projection

data.

zso

200

150
0
d

goo
a

so

0

a_

with background

no hardening

b

Figure 28. Line profiles of the density in the images in

Figure 27.

0 Posikion

Figure 29. Shepp and Logan

phantom, intended to
represent the difficulty of

visualizing a tumor
inside the human head.
The regions of varying
density inside the "brain"
range of relative densities
of 1.0 to 1.04, while the
"skull" has a density of
2, 0. They are not visible

in the reconstructed

image (a) unless some

contrast expansion is

applied. Here, histogram

equalization is used (b)

to spread the grey scale

nonlinearly to show the

vardous ellipses and their

overlaps (and also to

increase the visibility of

artefacts in the
reconstruction). The

brightness histograms (c,

d) show the effect of the

equalization.
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Figure 29 shows a reconstruction of this phantom. Using the full dynamic range of the display (val-
ues from 0 to 255) linearly to represent the image does not reveal the internal detail within the
phantom. Applying histogram equalization (as discussed in Chapter 4) expands the contrast in the
center of the histogram so that the different regions become visible. The figure shows the cumu-
lative histograms of display brightness for the original and histogram-equalized images. In the for-
mer, the steps show the principal density values; after equalization the values approximate a
straight line, and the steps show the distinction between similar regions. A profile plot across the
center of the structure shows the different regions with quite uniform density values (Figure 30).

As noted previously, tomography can be performed using modalities other than x-ray absorption.
One is emission tomography, in which a radioactive isotope is placed inside the object and then
reveals its location by emitting gamma ray photons. Collimated detectors around the object can
specify the lines along which the source of the photons lie, producing data functionally equivalent
to the attenuation profiles of the conventional case.

Figure 31 shows an example of emission tomography using real data, in which another artefact
is evident. The bright areas in the reconstruction are cavities within a machined part that contain
a radioactive isotope. The sinogram shows the detected emission profiles as a function of view an-
gle. Notice that the width of the regions varies with angle. This variation is due to the finite width
of the collimators on the detectors, which cover a wider dimension on the far side of the object as
indicated schematically in Figure 32. This effect is also present in x-ray absorption tomography,
due to the finite size of apertures on the source and the detectors. If the angle of the collimators
is known, this effect can be included in the reconstruction, either by progressively spreading the
data as the filtered profile is spread back across the voxel array, or by adjusting the voxel weights
in the algebraic reconstruction technique.

Figure 30. Brightness profiles across the images 
Zss

in Figure 29, showing the uniformity and
sharpness of transitions for the regions, and ~ 32
the effect of histogram equalization. q

.~ ~zam
a
0

64

----•-••-• original

equalized

Position

a

b

260

Figure 31• Emission tomography. The
sample is a block of aluminum
containing several cylindrical cavities
containing radioactive cobalt. The
detector collects a series of intensity
profiles as a function of rotation, shown
in the form of a sinogram (a). Note that
the width of the trace for each cylinder
varies as the sample is rotated, due to
the finite angle of the entrance
collimator to the detector. The
reconstruction of the cross-section is
shown in (b).
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Figure 32. Schematic diagram showing the
effect of a finite collimator angle on the
dimensions and voxels covered in different
parts of the object.

Oksject and

wia~n
of ray
path

Imaging geometries
First-generation tomographic systems collected projection sets at a variety of view angles by mov-

ing asource and detector just as shown above in Figure 3. Figure 33 shows the procedure used

to collect a complete set of projection data. This is~ called a pencil-beam or parallel-beam geome-

try, in which each ray integral is parallel and the projection set can be directly backprojected. It is

not very efficient, since only a small solid angle of the generated x-rays can be used, and only a

single detector is in use, but is still used in a few industrial imaging situations where tune of data

acquisition is not a major concern.

Second-generation instruments added a set of detectors so that a fan beam of x-rays could be de-

tected and attenuation measured along several lines at the same time, as shovan in Figure 34.

This procedure requires fewer view angles to collect the same amount of data, but the attenuation

measurements from each detector are actually for different angles and there is some re-ordering of

the data needed before it can be used.

The so-cabled fan-beam geometry is appealing in its efficiency, and the next logical step, in so-

called third-generation instruments used for medical imaging, was to use a larger array of detectors

(and to arrange them on an arc so that each covered the same solid angle and had normal x-ray in-

cidence) and a single x-ray tube. The detectors and tube rotate together about the object as the x-

ray tube is pulsed to produce the series of views (Figure 35). In fourth-generation systems, a com-

plete ring of detectors is installed and only the source rotates (Figure 36). Notice that the x-rays are

X-
Tt~.

De~cmr

Figure 33. First generation geometry. The detector and
source move together to collect each projection set, and
rotate to many view angles to collect all of the required
data.

Figure 34• Second generation geometry. The
detector array simultaneously measures
attenuations in a fan beam, requiring fewer
view angles than ferst generation systems to
collect the data.
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Pigure 35. Third generation geometry. The x-ray tube and detector

array rotate together around the object being imaged, as the tube is

~~~m= rapidly pulsed to produce each view.
may

~-
•d

is
a

to

e-

4.

~n

of

o-
~rs

n-

x-

n-
.re

no longer normally incident on the detectors in this case. The
re is afifth-generation design in which

even less hardware motion is required: the x-rays are gen
erated by magnetically deflecting an elec-

tron beam against a fixed target ring, rotating the source of x-
rays to produce the same effective

geometry as in fourth-generation systems, but with even sho
rter exposure times.

These latter types of geometry are less used in industrial tomo
graphy, since they are primarily in-

tended for imaging speed, to minimize exposure and acquire all of the proje
ctions before anything

can move in the person being imaged. First- or second-genera
tion (pencil or fan beam) methods

in which a series of discrete views are collected provide great
er flexibility in dealing with indus-

tri~l problems. All of the methods are equivalent, however, if the var
ious ray integrals using indi-

vidual detectors in the fan-beam geometry are sorted out according t
o angle, and either backpro-

jected, used in a Fourier transform method, or used to calculate an alge
braic reconstruction with

appropriate weights.

Some imaging technologies use different geometries and reconstnict
ions. For instance, ultrasound im-

ages, most familiarly used for examining a fetus in utero, are obtained as f
an-beam sections, but can

be reconstntcted to show surfaces (Figure 37). Positron-emission tomo
graphy (PET), single-photon

Figure 36. Fourth generation geometry. The detector array forms a

complete ring and is fzxed. The x-ray tube rotates around the object

and is pulsed. Data from the detectors is sorted out to produce the

projection sets.

Figure 37. Surface reconstruction from ultrasound scans

(image courtesy William Beaumont Hospital).
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emission spectroscopy (SPECT~, and magnetic resonance imaging (MRI) are similar in geometry to CT

scans, but record different information about internal structure.

PET and SPECT localize specific atomic isotopes by their decay. In PET, the positron produced by

the atomic nucleus gives rise to a pair of 511 keV photons that travel in exactly opposite directions.

Detecting theirs with a ring of detectors locates the original isotope tag somewhere on the lfne be-

tween the two points, which becomes the line integral used in the reconstruction. SPECT detects

gamma rays from isotope decay with collimated detectors. An array of detectors collects informa-

tion from a parallel set of projections, and is scanned across and around the subject to collect mul-

tiple projections.

When protons are placed in a magnetic field, they oscillate (resonate —thus "magnetic resonance

imaging" or MRI) at a frequency that depends on the field strength, and absorb energy at the os-

cillation frequency. This energy is reradiated as the protons return to their ground state. The rera-

diation involves processes (relaxation of the magnetization components parallel and perpendicu-

lar to the field) with different time constants T1 and T2. MRI signal strength depends on the proton

concentration (essentially the water concentration in the tissue for medical imaging) but the con-

trast depends on T1 and T2, which are strongly influenced by the fluid viscosity or tissue rigidity.

Weighting the combination of the two signals provides control over the observed image.

PET and MRI data can be very complementary to the density information from x-ray tomography,

and in many cases scans using the different modalities are combined by overlaying the section im-

ages in registration (Figure 38).

Three-dimensional tomography
Although the most common application of tomography is still to form images of planar sections

through objects without physical sectioning, the method can be directly extended to generate com-

plete three-dimensional images. Chapter 10 shows several examples of 3D displays of volume

data. Most of these, including many of the tomographic images, are actually serial section images.

Figure 38 Co-registration of PET and MRI scans (images courtesy K. A. Paller, Northwestern University).
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~ Whether formed by physical sectioning, optical sectioning 
(for instance, using the confocal light mi-

croscope), or conventional tomographic reconstniction, t
hese methods are not tnie 3D data sets.

The distinction is that the pixels in each i
mage plane are square, but as they are extended into th

e

third dimension as voxels, they do not nec
essarily become cubes. The distance between the planes,

or the depth resolution, is not inherently 
the same as the pixel size or resolution within the plane

.

In fact, few of these methods have dept
h resolution that is even close to the lateral resolution

.

Some techniques such as physical or o
ptical sectioning have much poorer depth resolution. O

th-

~ ers such as the secondary ion mass spectro
meter have depth resolution that is far better than the

lateral resohition of images. This has pro
found effects for 3D image presentation, for image pro-

cessing, and especially for three-dimensional stnic
tural measurement.

- ~ True 3D imaging is possible with tomographic reco
nstruction. The object is represented by a three-

- j dimensional array of cubic voxels, and the individual p
rojection sets become two-dimensional ar-

- rays (projection images). Each projection is from a 
point, and is referred to as a cone-beam geom-

1 etry (by analogy to the fan-beam method used f
or single slice projections). The set of view directions

mList include orientations that move out of the plane
 and into three dimensions, described by two

polar angles. This does not necessarily require
 rotating the object with two different polar angles,

since using acone-beam imaging geometry pr
ovides different angles for the projection lines, just as

a fan beam geometry does in two dimensions.. 
The best reconstructions, however, are obtained

1~ i with a series of view angles that cover the 3D orien
tations as uniformly as possible.

Several geometries are possible. One of the simp
lest is to~rotate the sample about a single axis as

shown in Figure 39. This method offers the advant
age of precise rotation, since as seen before, the

quality of the reconstruction depends on the cons
istency of the center of rotation. On the other

is
hand, artefacts in the reconstnicted voxels can be sig

nificant, especially in the direction parallel to

z-
the axis and near the north and south poles of the sam

ple. The single-axis rotation method is most

le ~ often used with x-ray, neutron, or gamma ray tomograph
y because the samples may be rather large

' and are relatively equiaxed so that the distance that t
he radiation must pass through the sample is

~S~ the same in each direction. Improved resolution in the 
axial direction can be obtained using a he-

lical scan (Wang et al., 1991) in which the specimen rota
tes while moving in the axial direction

(Figure 40). This has become the preferred geometry, pa
rticularly for small industrial objects.

For electron tomography, most samples are thin sections
, and few transmission electron microscope

stages permit complete movement of the sample about its
 axis. For a sample that is essentially

Figure 39. Geometry for volume imaging using

radial projections obtained by rotating the

sample about a single axis.

Figure 40. In helical scanning, the specimen is raised as it

rotates so that multiple views measure absorption along

different angles through the voxels.
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Figure 41. Tilting the sample in a conical pattern produces a series of

projections used for reconstruction in transmission electron

microscopy. The spacing along the cone trace is generally not

uniform.

slab-like, the geometry that is usually adopted is a series of tilt angles that project al
ong the limbs

of a cone, as shown in Figure 41. Collecting these projections by controlling the tilt and r
otation of

the sample in its holder with enough precision to allow good reconstructions is very diffi
cult. Some

TEM samples consist of many repeating structures (macromolecules, virus particles, etc.), 
and a sin-

gle orientation of the sample can collect enough different views to be used for reconstructio
n. Be-

cause of the use of many different individual objects with various orientations, this metho
d is called

random-conical, as compared with the use of equal angular increments. The very small ap
erture an-

gle of the beam in the TEM produces essentially parallel rather than cone-beam projectio
ns, which

does simplify the reconstruction and makes backprojection straightforward, but the us
e of a limited

set of views arranged in a cone produces artefacts because little information is available in 
the ax-

ial direction (sometimes referred to as the missing cone of information). Frank (1992) p
resents a

thorough review of the current state of the art in electron microscope tomography.

From a theoretical viewpoint, the best reconstruction for any given number of projections 
is ob-

tained when they are uniformly distributed in 3D space (Figure 42). Constructing a mec
hanism to

achieve accurate rotations about two precisely centered axes is difficult and this tech
nique not

widely used.

The reconstruction can be performed with any of the methods used in two dimensions. F
or Fourier

inversion, the frequency space is also a 3D array, and the 2D images produced by each 
projection

are transformed and the complex values plotted on planes in the array. As for the 2D ca
se, filling

the space as completely and uniformly as possible is desirable. The Fourier inversion is 
performed

in three dimensions, but this is a direct extension of methods in lower dimensions and i
n fact the

inversion can be performed in one dimension at a time (successively along rows in the
 u, v, and

w directions).

Backprojection can also be used for 3D reconstruction, and as in the 2D case is simply 
an imple-

mentation of the Fourier transform mathematics. The filtering of the 2D images must be 
performed

Figure 42. Optimum 3D reconstruction is possible when a series of

3D projections is used, by rotating the sample about two axes.
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with a 2D convolution, which can be carried out either by kernel operation in the spatial domai
n

or by multiplication in the Fourier domain. The principal difficulty with the backprojection m
ethod

is that calculation of the matr~ of weights can be quite tricky for cone-beam geometry, espe
cially

when combined with helical scanning. These values represent the attenuation path length alon
g

each of the ray integrals through each of the voxels. The use of backprojection requires a 
large

number of views to avoid artefacts and is most commonly used with single-axis rotation or wi
th he-

lical scans about a single rotational axis, with either cone-beam or parallel-beam projections (Feld-

kamp et al., 1984; Smith, 1990; Shih et al., 2001). It is difficL~lt to apply to a fiill 3D set of con
e

beams because they are spaced at relatively large angles.

Algebraic reconstruction technology (ART) methods are also applicable to voxel arrays. The 
diffi-

culry in obtaining a uniform set of view angles, which is particularly the case for electron mi
-

croscopy, can make ART methods more attractive than the inverse Fourier approach. In fact, whe
n

using an iterative technique such as ART, the best results are often obtained with a surprising
ly

small number of views. Figures 43 and 44 show an example, The specimen (about 2 cm 
on a

side) consists of three different metal cylinders in a plastic block. Chromium, manganese an
d iron

are consecutive elements in the periodic table, with similar densities. Tomographic reconstr
uction

from only 12 views with 3D rotations, using a low power industrial x-ray source, shows the 
inserts

quite well (Ham, 1993)•

Of course, more views should produce a better reconstruction. But in most tomography situ
ations,

the total dose is a fixed constraint. In some cases, this can be because of concerns about rad
iation

Figure 43• Geometry of a test sample. Three cylindrical inserts of

different metals (Cr, Mn, and Fe) are placed in a plastic block

(2 cm on a side).

Figure 44. Tomographic reconstruction of three planes in the xy yz, and zx orientations passing through

the metal inserts in the plastic block shown in Figure 43, reconstructed zasing just 12 cone beam

projections with rotations in 3D.
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damage to the sample. Dosage to the sample is a concern for medical x-ray tomog
raphy, of course;

but it also creates problems for electron tomography. The am
ount of energy deposited in each cu-

bic nanometer of the sample from a focused electron beam is greet enough to co
ok biological tis-

sue, disrupt molecules, and change the structure we want to image.

Even for industrial tomography, the total flux of radiation that can be generated and th
e time spent

acquiring the images usually is limited. A necessary trade-off must be made between the number

of projections and the time spent acquiring each one. More time on each projection improves the

statistical quality of the view image, so acquiring more projections makes each one noisier, and vice

versa. In some experiments with a limited total photon budget, the best quality reconstructions with

full 3D rotation were obtained with only 12 projections (Ham, 1993). This small number of views

requires an iterative method rather than backprojection.

The limited number of photons becomes particularly critical when low-intensity sources are used.

Synchrotrons are excellent sources of x-rays with high brightness and the ability to select a specific

monochromatic energy, but are not usually conveniently available for tomographic work. Ra-

dioactive sources of gamma rays present handling difficulties and have low intensities as well. X-

ray tubes are a convenient source for tomography, with adjustable voltage and a variety of target

materials that emit different x-ray spectra. Such a source is not monochromatic, which may cause

significant beam hardening effects for many specimens, as discussed previously.

Absorption filters can be used to select just a single band of energies from a polychromatic source.

For each view angle, two projection images are collected using filters whose absorption edge en-

ergies are different. The ratio of the two images yields the attenuation information for the ele-

ments whose absorption edges lie between the two filter energies, as indicated in Figure 45. A

series of such image pairs can provide separate information on the spatial distribution of many el-

ements. Figure 46 shows an example in which the use of filters has selected two of the three

metal inserts in the sample, The use of the filters reduces the already low intensity from the x-ray

tube, and the use of the ratio of the two images presents a further limitation on the statistical qual-

ity of the projections. It is therefore important to use a small number of views to obtain the best

possible projection images. In this example, 12 projections with full 3D rotation of axes were ob-

tained. Figure 47 shows the artefacts present in the reconstruction when the same number of

views is obtained with single-axis rotation.

The electron microscope produces images in which contrast is due to attenuation, and a series o
f

views at different angles can be reconstructed to show 3D structure. The use of an arbitrary series

of angles is quite difficult to achieve for materials specimens because of diffraction of the electrons

from planes of atoms in the crystal structure. This source of contrast is not easily modeled by the

usual attenuation calculation since one voxel may have quite different values in different directions.

For noncrystalline materials such as biological specimens, however, the reconstruction is straight-

forward (Engel 8r 1VIassalski, 1984; Hegerl, 1989).

Pigure 45. Diagram of the use of balanced
absorption edge filters to isolate a single energy
band. The plots show the absorption coefficient as d
a function of energy for two different filters ~d
containing the elements chromium and nickel.
Elements 2n the sample with absorption edges o

between these two energies, such as manganese, 4

iron, and cobalt, will' be imaged in the ratio of o

the two intensities. ~'

F~

E~
gl
fe
a€
re

Tt
nc
tip
re
tic
M
sh

At
ra
te,
to
sic
w:
pr
sh

584 The Image Processing Handbook

mrush
Sticky Note
None set by mrush

mrush
Sticky Note
MigrationNone set by mrush

mrush
Sticky Note
Unmarked set by mrush



Figure 46. Reconstruction of the same three planes as shown in Figure 44, but using images obtained as a

difference between two projections through different filters (Cr ctnd Fe metal foils), which form a

bandpass filter to seCect a nas row band of x-ray energies. Note that one of the inserts (Cr) is missing but

the Mn and Fe inserts are visible. Reconstructed using 12 cone beam projections with rotations in 3D.

Figure 47. Reconstruction of the same plane as shown in Figure 46,

reconstructed in the same way using two filters, but using 12 radial
projections (rotating the sample about one axis only). Note the

artefacts between and within the inserts.

Even more efficient than collecting a series of different views using multiple orientations of a sin-

gle specimen is using images of many different but identical specimens that happen to have dif-

ferent orientations, as mentioned above. Figure 48 shows an example. The two-dimensional im-

age is an electron micrograph of a single virus particle. The specimen is an adenovirus that causes

respiratory ailments.

The low dose of electrons required to prevent damage to the specimen makes the image very

noisy. In a typical specimen, however, many such particles are present, each in a different, essen-

tially random orientation. Collecting the various images, indexing the orientation of each image by

referring to the location of the triangular facets on the virus surface, and performing a reconstruc-

tion produces a 3D reconstruction of the particle in which each voxel value is the electron density.

Modeling the surface of the outer protein coat of the virus produces the surface-rendered image

shown in Figure 49 (Stewart and Burnett, 1991).

At a very different scale, tomography has also been performed on the earth itself using seismog-

raphy. Seismic waves are created by earthquakes or large explosions such as nuclear weapons

tests. Such large-magnitude events generate two types of waves that propagate through the earth

to receivers (seismographs) at many different locations, P-waves (pressure waves) are compres-

sional pulses which can penetrate through every part of the earth's interior, while S-waves (shear

waves) are transverse deformations that cannot propagate through the liquid core. In fact, the

presence of a liquid core was deduced in 1906 by the British seismologist, R. D. Oldham, from the

shadow cast by the core in seismic S-wave patterns.
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Figure 48. Transmission electr
on microscope image of single

adenovirus pa~~ticle.

Pigure 49. Reconstruction of th
e adenovirus particle from many

transmission images.

The paths of seismic waves are n
ot straight (Figure 50), but ben

d because of the variations in te
m-

perature, pressure and compositi
on within the earth which affect

 the speed of transmission just a
s

the index of refraction of glass aff
ects light and causes it to bend 

in a lens system. Also similar to

the behavior of light, the seismic 
waves inay reflect at interfaces w

here the speed of propagatio
n

varies abruptly. This happens at 
the core-mantle boundary and t

he surface of the inner core. Th
e

propagation velocities of the P- a
nd S-waves are different, and re

spond differently to composition
.

Epicen~r

Figure 50. Diagram of paths tak
en by pressure and shear wave

s from

earthquakes, which reveal infor
mation the density along the path

s

through the core and mantle, 
and the locatio~a of discontinuitie

s.

Figure Sl. Computed torrcogram 
of the mantle, showing rock

densities (light shades are hot, lig
ht rocks which are rising,

and conversely).
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Collecting many seismograms from different events creates a set of ray paths that do not uniformly

cover the earth, but rather depend on the chance and highly nonuniform distribution of eart
hquakes

and the distribution of seismographs. Nevertheless, analysis of the travel rimes of waves that ha
ve

taken different paths through the earth permits forming a tomographic reconstruction. The density
 of

the material (shown by shading in Figure 51) indicates the temperature and the direction of moti
on

(cool, dense material is sinking through the mantle toward the core, while hot, light material is ris-

ing). Convection in the mantle is the driving force behind volcanism and continental drift.

Also of great utility are waves that have reflected (one or more times) from the various surfac
es.

For instance, the difference in travel times of S-waves that arrive directly vs. those which have re-

flected from the core-mantle boundary permit mapping the elevation of that boundary with a r
es-

olution better than 1 kilometer, and reveal that the boundary is not a smooth spherical surface. Be-

cause the relatively viscous mantle is floating on a low velocity liquid core, and it is the relatively

fast motion of the latter that produces the earth's magnetic field, the study of this interface is im-

portant in understanding the earth's dynamics.

Global tomographic reconstruction is generally insensitive to the small details of structure such as

faults, but another ongoing program to perform high-resolution tomography under the state of

California (where many faults exist, which are of more than casual interest to the surface-dwelling

humans) employs an array of high sensitivity seismographs, and uses the very frequent minor

earthquakes there to map out the faults through the reflections that they produce.

High resolution tomography
Medical tomography has a typical resolution of about 1 mm, which is adequate for its purpose, and ra-

diologists generally feel comfortable with a series of planar section images in standardized orientations

in which they have been trained to recognize normal and abnormal features; but there is considerable

interest in applying true 3D tomographic imaging to study the microstructure of various materials in-

cluding metals, ceramics, composites and polymers, as well as larger industrial components. Some of

the stnictural features cannot be determined from conventional 2D microscopy of cross section surfaces.

This includes determining the number of particles of arbitrary or variable shape in a volume, and the

topology of networks or pore structures, which control the permeability of materials to fluids.

This information can only be determined by having the full 3D data set, with adequate resolution,

and ideally with cubic voxels. Resolution of the order of 1 }~m has been demonstrated using a

synchrotron as a very bright point source of x-rays. Resolution of about 10 }gym is possible using

more readily available sources such as microfocus x-ray tubes. Filtering such sources to produce

element-specific imaging is also possible, as illustrated.

Cone-beam geometry is well suited to this type of microstructural imaging because it provides

magnification of the structure (Johnson et al., 1986; Russ, 1988; Kinney et al., 1989, 1990; Deckman,

1989). Figure 52 shows this schematically. The magnification is strictly geometric because x-rays

Figure 52. Diagram of a cone-beam imaging system.

The projection image magnacation is the ratio of

b: a. The attainable resolution is limited by the spot

size of the x-ray source.
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are not refracted by lenses, but can amount to as much as 100:1. The projected images can be col-

lected using conventional video technology, after conversion to visible light by a phosphor or

channel plate and suitable intensification. The intensity of conventional small-spot, x-ray sources

is very low, so the use of high-brightness sources, such as those available at a synchrotron, 
is
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Figure 53. Twenty individual planes of reconstructed voxels showing a sintered alumina ceramic

consisting of 100-ytm diameter spheres.
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particularly desirable for high-resolution imaging, as is image averaging, which may be done by us-

ing the same cooled charge coupled device (CCD) cameras used for astronomical imaging.

As discussed in Chapter 10, 3D imaging requires many voxels, and the reconstruction process is

very computer intensive. The time required to perform the reconstruction is, however, still shorter

than that required to collect the various projection images. These images are generally photon-lim-

ited, with considerable noise affecting the reconstruction as indicated above. In order to collect rea-

sonable-quality projections from a finite intensity source, the number of view angles is limited.

Ideally the views should be arranged to cover the polar angles optimally in 3D space. This arrange-

ment of course places demands on the quality of the mechanism used to perform the rotations and

tilts, because the center of rotation must be constant and located within a few micrometers to pre-

serve the image quality as discussed above. Helical scanning is usually easier to accomplish, and

more commonly used.

The presentation of 3D information requires extensive use of computer graphics methods as shown

in Chapter 10. Figure 53 shows a simple series of planes of voxels from a 3D tomographic re-

construction of a porous alumina ceramic. The individual particles are approximately 100 }gym di-

ameter spheres that fill about 60% of the volume of the sample. 'The voxels are 10 }gym cubes. Fig-

ure 54 shows one of the projection sets through this specimen, atwo-dimensional image in which

the spherical particles overlap along the lines of sight and are partially transparent. Athree-di-

mensional presentation of this data is shown in Figure 55.

Since the first edition of this book (1990) showed these examples from our own experimental

setup, several commercial implementations of such instruments have become available (Wang and

Vannier, 2001). Figure 56 shows images of bone that have approximately 10 }gym resolution, re-

constructing up to 1000 slices of 1000 x 1000 voxels in a 1 mm3 specimen. Reconstructions that in

1990 required a Cray supercomputer are now being performed on a standard desktop machine,

Figure 54. A single 2D projection set through the structure
shown in Figure 53.

~l-
~r
~s
is

~a~ure 55. Three-dimensional presentation of the data from
Figzere 53•
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Figure 56. Microtomography of bone:

(a) one projected view image;

(b-d) reconstructed transverse slices at the positions marked in image a (images courtesy Skyscan,

Aartselaar, Belgium).
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D Image Visualization

, ;:

Sources of 3D data

rue three-dimensional (3D) imaging is becoming more accessible with the continued 
devel-

opment of instrumentation. Just as the pixel is the unit of brightness measurement fora
 two-

dimensional (2D) image, the voxel (volume element, the 3D analog of the pixel or picture 
el-

ement) is the unit for 3D imaging; and just as processing and analysis is much simpler if the 
peels

are square, so the use of cubic voxels is preferred for three dimensions, although it is n
ot as often

achieved.

Several basic approaches are used for volume imaging. In Chapter 11, 3D imaging by 
tomographic

reconstruction was described. This is perhaps the premier method for measuring the d
ensity and

in some cases the composition of solid specimens. It can produce a set of cubic voxels, 
although

that is not the only or even the most common way that tomography is presently used. M
ost med-

ical and industrial applications produce one or a series of 2D section planes, which are spac
ed far-

ther apart than the lateral resolution within the plane (Baba et al., 1984, 1988; Briarty and Je
nkins,

1984; Johnson and Capowski, 1985; Kriete, 1992).

Tomography can be performed using a variety of different signals, including seismic waves, 
ultra-

sound, magnetic resonance, conventional x-rays, gamma rays, neutron beams, and 
electron mi-

croscopy, as well as other even less familiar methods. The resolution may vary from 
kilometers

(seismic tomography), to centimeters (most conventional medical scans), millimeters 
(typical in-

dustrial applications), micrometers (microfocus x-ray or synchrotron sources), and even 
nanome-

ters (electron microscope reconstructions of viruses and atomic lattices). The same basic 
presen-

tation tools are available regardless of the imaging modality or the dimensional scale.

The most important variable in tomographic imaging, as for all of the other 3D methods discus
sed

here, is whether the data set is planes of pixels, or an array of true voxels. As discussed in Cha
p-

ter 11, it is possible to set up an array of cubic voxels, collect projection data from a series 
of

views in three dimensions, and solve (either algebraically or by backprojection) for the densit
y of

each voxel. The most common way to perform tomography however, is to define one plane 
at a

time as an array of square pixels, collect a series of linear views, solve for the 2D array of den
si-

ties in that plane, and then proceed to the. next plane. When used in this way, tomography share
s
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many similarities (and problems) with other essentially 2D imaging meth
ods that we will collec-

tively define as serial imaging or serial section techniques.

A radiologist viewing an array of such images is expected to combine them
 in his or her mind to

"see" the 3D structures present. (This process is aided enormously by the
 fact that the radiologist

already knows what the structure is, and is generally looking for things that 
differ from the famil-

iar, particularly in a few characteristic ways that identify disease ox injury.)
 Only a few current-gen-

eration systems use the techniques discussed in this chapter to present 3
D views directly. In in-

dustrial tomography, the greater diversity of structure (and correspondingl
y lesser ability to predict

what is expected), and the greater amount of time available for study and 
interpretation, has en-

couraged the use of computer graphics. But such displays are still the excep
tion rather than the

rule, and an array of 2D planar images is more commonly used for volum
e imaging. This chapter

emphasizes methods that use a series of parallel, uniformly spaced 2D images
, but present them

in combination to show 3D structure.

These images are obtained by dissecting the sample into a series of plan
ar sections, which are

then piled up as a stack of voxels. Sometimes the sectioning is physical. B
locks of embedded bi-

ological materials, textiles, and even some metals, can be sliced with a mi
crotome, and each slice

imaged (just as individual slices are normally viewed). Collecting and alig
ning the images pro-

duces a 3D data set in which the voxels are typically very elongated in th
e "Z" direction because

the slices are much thicker or more widely spaced than the lateral resolu
tion within each slice,

At the other extreme, the secondary ion mass spectrometer uses an incid
ent ion beam to remove

one layer of atoms at a time from the sample surface. These pass through
 a mass spectrometer to

select atoms fxom a single element, which is then imaged on a fluorescent
 screen. Collecting a se-

ries of images from many elements can produce a complete 3D map of the
 sample. One difference

from the imaging of slices is that there is no alignment problem, because t
he sample block is held

in place as the surface layers are removed. On the other hand, the erosion r
ate through different

structures can vary so that the surface does not remain planar, and this rou
ghening or differential

erosion is very difficult to account for. In this type of instrument, the voxel 
height can be very small

(essentially atomic dimensions) while the lateral dimension is many times 
larger.

Serial sections
Most physical sectioning approaches are similar to one or the other of thes

e examples. They are

known collectively as serial section methods. The name serial section comes
 from the use of light

microscopy imaging of biological tissue, in which blocks of tissue embedde
d in resin are cut us-

ing a microtome into a series of individual slices, Collecting these slices (o
r at least some of them)

for viewing in the microscope enables researchers to assemble a set of photogr
aphs which can then

be used to reconstruct the 3D structure.

This technique illustrates most of the problems that may be encountered
 with any 3D imaging

method based on a series of individual slices. First, the individual images m
ust be aligned. The mi-

crotomed slices are collected on slides and viewed in arbitrary orientations. 
So, even if the same

structures can be located in the different sections (not always an easy task,
 given that some varia-

tion in structure with depth must be present or there would be no ince
ntive to do this kind of

work), the pictures do not line up.

Using the details of structure visible in each section provides only a coarse 
guide to alignment. The

automatic methods generally seek to minimize the mismatch between
 sections either by aligning

the centroids of features in the planes so that the sum of squares of dista
nces is minimized, or by

overlaying binary images fronn the two sections and shifting or rotati
ng to minimize the area re-

sulting from combining them with an Ex-OR (exclusive OR) operation, 
discussed in Chapter 7.
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This procedure is illustrated in Figure 1. When grey-scale values are present in the image, cross-

correlation can be used as discussed in Chapter S. Unfortunately, neither of these methods is easy

to implement in the general case when sections may be shifted in X and Y and also rotated. Soly-

ing for the "best alignment" is difficult and must usually proceed iteratively and slowly.

Furthermore, there is no reason to expect the minimum point reached by these algorithms to re-

ally represent the true alignment. As shown in Figures 2 and 3, shifting or rotating each image to

visually align the structures in one section with the next can completely alter the reconstructed 3D

structure. It is generally assumed that given enough detail present in the images, some kind of av-

erage alignment will avoid these major errors; however, it is far from certain that a best visual

alignment is the correct one nor that automated methods, which overlap sequential images, pro-

duce the proper alignment.

i One approach that improves on the use of internal image detail for alignment is to incorporate

~ fiducial marks in the block before sectioning. These could take the form of holes drilled by a laser,

threads or fibers placed in the resin before it hardens, or grooves machined down the edges of the

block, for example. With several such marks that can reasonably be expected to maintain their

shape from section to section and continue in some known direction through the stack of images,

much better alignment is possible. Placing and finding fiducial marks in the close vicinity of the

j structures of interest is often difficult. In practice, if the sections are not contiguous there may still

be difficulties, and alignment errors may propagate through the stack of images.

~ Most fiducial marks are large enough to cover several pixels in each image. As discussed in Chap-

ter 8, this size allows locating the centroid to a fraction of one pixel accuracy, although not all sys-

tems take advantage of this capability. Once the alignment points are identified (either from fidu-

cial marks or internal image detail), the rotation and translation of one image to line up with the

next is performed as discussed in Chapter 3. Resampling of the pixel array and interpolation to pre-

vent aliasing produces a new image. This process takes some computational tirrie, but this is a mi-

nor problem in comparison to the difficulty of obtaining the images in the first place.

Unfortunately, for classic serial sectioning the result of this rotation and translation is not a true rep-

i
resentation of the original 3D structure. The act of sectioning using a microtome generally produces

t

Figure 1. Alignment of serial sections by
"best fct" of features seeks to minimaze ;, ~ ~o segUeac~a~
mismatched area, measured by ExOR t` , serial sections to

'i
function, as a function of translation be aligned

and rotation.

~~_`

Normalized
area when the
two regions aze
combined with
a Boolean Ex-Or

y
_ `{:
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Pigure 2. Alignment of serial sections with translation.

Sections through an inclined circular cylinder may be

misconstrued as a vertical elliptical cylinder.
~~~

~T~

~
_'~~ '

0 ~~

~,,.~

Figure 3• Alignment of serial sections with rotati
on:

(a) actual outlines in 3D serial section stack;

(b) surface modeling applied to outlines, showing twisted
 structure;

(c) erroneous result without twist when outlines are aligne
d to each other.

some distortion in the block. This 5-20% compres
sion in one direction is usually assumed to be

nearly the same for all sections (since they are cut
 in the same direction, and generally have only

small differences in structure that would alter the
ir mechanical properties). If the fiducial marks

have known absolute coordinates, then stretchin
g of the images to correct for the distortion is

possible. It is usually assumed that the entire secti
on is compressed uniformly, although for some

samples this may not be true.

Otherwise, it may be possible to use internal inform
ation to estimate the distortion. For example,

if there is no reason to expect cells or cell nuclei to 
be elongated in any preferred direction in the

tissue, then measurement of the dimensions of many
 cells or nuclei may be used to determine an

average amount of compression. Obviously, this ap
proach includes some assumptions and can

only be used in particular circumstances.

Another difficulty with serial sections is calibration
 of dimension in the depth direction. The thick- 

>~ . i

ness of the individual sections is only known appr
oximately (for example, by judging the color 

of ;{

the light produced by interference from the top 
and bottom surfaces, or based on the mecha

nical I

feed rate of the microtome). It may vary from se
ction to section, and even from place to p

lace

within the section, depending on the local hardness 
of the material being cut. Constructing an ac

- `

curate depth scale is quite difficult, and dimensio
ns in the depth direction will be much less 

ao- ~

curate than those measured within one section pla
ne.

If only some sections are used, such as every sec
ond or fifth (in order to reduce the amount 

of

work required to image them and then align th
e images), then this error becomes much 

worse. `':f
3
F~k
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It also becomes difficult to follow structures from one image to the next with confidence. Before

computer reconstruction methods became common, however, this kind of skipping was often nec-

essary simply to reduce the amount of data that the human observer had to juggle and interpret.

Using only a fraction of the sections is particularly common when ultra-thin sections are cut for

viewing in an electron microscope instead of the light microscope. As the sections become thin-

ner, they increase in number and are more prone to distortion. Some may be lost (for instance due

to folding) or intentionally skipped. Portions of each section are obscured by the support grid,

which also prevents some from being used. At higher magnification, the fiducial marks become

larger, less precisely defined, and above all more widely spaced so that they may not be in close

proximity to the structure of interest.

Figure 4 shows a portion of a series of transmission electron microscope (TEM) images of tissue

in which the 3D configuration of the membranes (dark, stained lines) is of interest. T'he details of

the edges of cells and organelles have been used to approximately align pairs of sections through

' the stack, but different details must be used for different pairs as there is no continuity of detail

through the entire stack. The membranes can be isolated in these images by thresholding (Figure

5), but the sections are too far apart to link the lines together to reconstruct the 3D shape of the

surface. This problem is common with conventional serial section images.

Metallographic imaging typically uses reflected rather than transmitted light. As discussed in the

1, next section, serial sectioning in this context is accomplished by removing layers of materials se-

~ quentially by physical polishing. The need to locate the same sample position after polishing, and

to monitor the depth of polishing, can be met by placing hardness indentations on the sample, or

by laser ablation of pits. These serve as fiduciary marks for alignment, and the change in size of

the mark reveals the depth. In archaeological excavation the fiduciary marks may be a network of

strings and a transit, and the removal tool may be a shovel. In some mining and quarrying exam-

ples it may be a bulldozer, but the principles remain the same regardless of scale.
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Figure 4. Four serial section
images from a stack
(courtesy Dr. C. D. Bucana,
University of Texas M. D,
Anderson Cancer Center,
Houston, TX), which have
already been rotated for
alignment. The membranes
at the upper left corner of
the images are thresholded
and displayed for the entire
stack of images in Figure S.
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Figure S. Membranes from the sequential

images illustrated in P~gure 4, showing

the changes from section to section.

Because of the separation distance

between the planes, these variations are

too great to model the shape of the surfac
es

in 3D.
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In most of these surface imaging meth
ods, the sequential 2D images repre

sent the sample along

planes that are separated in the z 
direction. The intervening material t

hat has been removed

must be inferred or interpolated from
 the planes. In the cases, the voxel

 value is not really an

average over its extent, as most pixel
 values are. Nor is the voxel truly a 

discrete point value in

space, because it does represent a
n average in the section plane. Inter

polation between sec-

tions that are too far apart (in ter
ms of the scale of the structure) ca

n lead to some serious

errors and misinterpretation.

For the serial sectioning method in wh
ich slices are viewed in transmission

 the voxel value is a vol-

ume average, which is easier to in
terpret, In most cases, the voxel value

 is a measure of density

of the material. Depending on what t
he radiation is (visible light, x-rays, elec

trons, neutrons, sound,

and so forth), the value may represen
t the local concentration of some el

ement or compound. In

some cases, emitted radiation from vox
els also gives concentration informat

ion (examples include

fluorescence light microscopy and p
ositron-emission tomography).

Optical sectioning
Physical sectioning on any scale is 

a difficult technique that destroys the 
sample. Controlling and

measuring the section thickness and 
aligning the sections or at least locati

ng the same position on

the sample can become a major sou
rce of error. In some cases, it is poss

ible to image sections

through a sample without performin
g physical sectioning. The confocal sca

nning light microscope

(CSLM) offers one way to accompli
sh this. Depth information can also b

e obtained in some cases

by interpreting the phase shift intro
duced by objects viewed in light micr

oscopy, as well as by

neutron or x-ray transmission imagin
g (Barry et al., 2000).

The normal operation of the transm
ission light microscope does not len

d itself to optical section-

ing. The depth of field of high numer
ical aperture optics is small (just a f

ew times the lateral res-

olution), so that only a small "slice
" of the image will be sharply focused

; however, light from lo-

cations above and below the plane
 of focus is also transmitted to the im

age, out of focus, and this

both blurs the image and includes
 information from an extended dist

ance in the z direction. In

some cases, deconvolution of the 
point spread function can be accompl

ished (as discussed in

Chapter S), but in many cases this is 
of limited value since the blurring var

ies from one location to

another. An example shown in the 
section on "stereo viewing," (Figure

 36) under the topic of

stereo imaging shows that it is possi
ble to process the images to remove so

me of the artefacts that

result from the passage of light thro
ugh the sample above and below the

 plane of focus.
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The confocal microscope eliminates this extraneous light, and so produces useful optical section

images without the need for processing. This is possible because the sample is imaged one point

at a time (thus, the presence of "scanning" in the name). The principle was introduced in Chapter

4 (Image Enhancement), in conjunction with some of the ways that images of light reflected from

surfaces can be processed. The principle of the confocal microscope is that light from a point

source (often a laser) is focused on a single point in the specimen and collected by an identical set

of optics, reaching a pinhole detector. Any portion of the specimen away from the focal point, and

particularly out of the focal plane, cannot return light to the pinhole light to interfere with the for-

mation of the image. Scanning the beam with respect to the specimen (by moving the light source,

the specimen, or using scanning elements in the optical path) builds up a complete image of the

focal plane.

If the numerical aperture of the lenses is high, the depth of field of this microscope is very small,

~ although still several times the lateral resolution within individual image planes. Much more im-

portant, the portion of the specimen that is away from the focal plane contributes very little to the

{ image. This makes it possible to image a plane within a bulk specimen, even one that would or-

dinarily be considered translucent because of light scattering. This method of isolating a single

j plane within a bulk sample, called optical sectioning, works because the confocal light micro-

~ scope has a very shallow depth of field and a high rejection of stray light, Translating the specimen

in the z direction and collecting a series of images makes it possible to build up a three-dimen-

~ sional data set for viewing.

Several imaging modalities are possible with the confocal light microscope. The most common

are reflected light, in which the light reflected from the sample returns through the same objective

lens as used to focus the incident light and is then diverted by a mirror to a detector, and fluores-

cence in which light is emitted from points within the specimen and is recorded using the same

geometry. It is also possible, however, to use the microscope to view transmitted light images us-

ing the geometry- shown in Figure 6. This permits acquiring transmitted light images for focal

plane sectioning of bulk translucent or transparent materials. Figure 7 shows an example of a

transmitted light focal plane section.

Both transmitted and reflected-light images of focal plane sections can be used in 3D imaging for

different types of specimens. The characteristic of reflected-light confocal images is that the inten-

sity of light reflected to the detector drops off very rapidly as points are shifted above or below the

focal plane. Therefore, for strictures in a transparent medium, only the surfaces will reflect light.

11

i-
~-
>-
is
n
n
:o
~f
at

Figure 6. Transmission confocal scanning light microscopy (CSLM) can

be performed bypassing the light through the specimen twice. Light is

not imaged from points away from the in focus point, which gives
good lateral and excellent depth resolution compared to a

~o~ conventional light microscope. (The more common reflected' light
confocal microscope omits the optics beneath the specimen.)
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Figure 7. CSLM image showing a %o second image of a

paramecium swimming in a droplet of water, as it pass
ed

through the focal plane of the microscope.

For any single image plane, only the portion of 
the field of view where some structure passes

through the plane will appear bright, and the rest o
f the image will be dark. 'This characteristic per-

mits some rather straightforward reconstruction 
algorithms.

A widely used imaging method for the confocal mi
croscope is emission or fluorescence, in which

the wavelength of the incident light is able to caus
e excitation of a dye or other fluorescing probe

introduced to the specimen. The lower-energy (
longer wavelength) light emitted by this probe is

separated from the incident light, for instance by
 a dichroic mirror, and used to form an image in

which the location of the probe or dye appears 
bright. Building up a series of images in depth al-

lows the structure labeled by the probe to be reco
nstructed.

The transmitted-light mode, while it is the most s
traightforward in terms of optical sectioning, is lit-

tle used as yet. This situation is partly due to th
e difficulties in constructing the microscope with

matched optics above and below the specimen
, as compared with the reflection and emission

modes in which the optics are only above it; ho
wever, the use of a lens and mirror beneath the

specimen to return the light to the same detecto
r as present in the more standard microscope de

-

sign can produce most of the same imaging adva
ntages (the only loss is that in passing through th

e

specimen twice, some intensity is lost).

The principal advantages of optical sectioning 
are avoiding physical distortion of the specime

n

due to cutting, and having alignment of images fr
om the various imaging planes. The depth reso

-

lution, although inferior to the lateral resolution
 in each plane by about a factor of two to th

ree

times, is still useful for many applications. This 
difference in resolution, however, does raise som

e

difficulties for 3D image processing, even if the
 distance between planes is made smaller than 

the

resolution so that the stored voxels are cubic (w
hich is by no means common).

By measuring or modeling the 3D shape of the 
microscope's point spread function, it is possi

ble

by deconvolution to improve the resolution of t
he confocal light microscope. The method is id

en-

tical to that shown in Chapter 5 for 2D images.

Sequential removal
Many materials are opaque and therefore cann

ot be imaged by any transmission method, p
re-

venting any type of optical sectioning. Indeed, 
metals, composites, and ceramics are usually 

ex-

amined in the reflected light microscope, althou
gh it is still possible to collect a series of depth 

im-

ages for 3D reconstruction by sequential polisku
ng of such materials, as mentioned earlier.

The means of removal of material from the su
rface depends strongly on the hardness of the 

ma-

terial. For some soft metals, polymers, and textiles
, the microtome can be used just as for a 

block

of biological material, except that instead of e
xamining the slice of material removed, the 

surface

left behind is imaged. This approach avoids m
ost problems of alignment and distortion, e

spe-

cially if the cutting can be done in situ without r
emoving the specimen from the viewing pos

ition
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in the microscope. It is still difficult to determine precisely the thickness of material removed in

each cut and to assure its uniformity, but it is generally estimated from the mechanical settings on

the device (ignoring any permanent or temporary distortion in the material).

For harder materials, the grinding or polishing operations used to produce conventional sections

for 2D images can be used. Such operations generally require removing and replacing the speci-

men, sp again fiducial marks are needed to locate the same region. Probably the most common ap-

proach to this marking is the use of hardness indentations. Several pyramid-shaped impressions are

made in the surface of the specimen so that after additional abrasion or polishing, the deepest

parts of the indentations are stIll visible. These can be accurately aligned with the marks in the orig-

inal image. In addition, the reduction in size of the impression, with a shape that is known, gives

a measure of the depth of polish and hence of the spacing between the two images. With several

such indentations, the overall uniformity of polish can also be judged, although local variations due

to the hardness of particular phases may be present.

For still harder materials or ones in which conventional polishing might cause surface damage,

other methods may be used. Electrolytic or chemical etching is generally difficult to control and lit-

tle used. Ion beam erosion is slow, but is already in use in many laboratories for the cutting and

thinning of transmission electron microscope specimens, and may be utilized for this purpose.

Controlling the erosion to obtain uniformity and avoid surface roughening presents challenges for

many specimens.

In situ ion beam erosion is used in the scanning electron microscope and scanning Auger micro-

1 ~ scope, for instance to allow the removal of surface contamination. Focused ion beams (FIB) are

1 also used to cut slices in the z direction to examine microstructures. This capability can be used to

produce a series, of images in depth in these microscopes, which generally have resolution far bet-

_ ter than the light microscope. The time involved in performing the erosion or slicing may be quite

long (and thus costly), however, and the uniformity of eroding through complex strictures (the

most interesting kind for imaging) may be poor.

n One kind of microscope performs this type of erosion automatically as part of its imaging process.

,- ~ The ion microscope or secondary ion mass spectrometer (SIMS) uses a beam of heavy ions to
e '• erode a layer of atoms from the specimen surface. The secondary ions are then separated accord-

e ing to element in a mass spectrometer and recorded, for example using a channel plate multiplier

e and more-or-less conventional video or digital camera, to form an image of one plane in the spec-

imen for one element at a time. The depth of erosion is usually calibrated for these instruments by

le measuring the signal profile of a known standard, such as may be produced by the same methods

1_ used to produce modern microelectronics.

The rate of surface removal is highly controllable (if somewhat slow) and capable of essentially
atomic resolution in depth. The lateral resolution, by contrast, is of about the same level as in the

conventional light microscope, so in this case instead of having voxels which are high in resolu-
e_ tion in the plane but poorer in the depth direction, the situation is reversed. The non-cubic vox-

x_ els create problems for processing and measurement.

n- Furthermore, the erosion rate for ion beam bombardment in the ion microscope or SIMS may vary
from place to place in the specimen as a function of composition, structure, or even crystallo-

~a_ graphic orientation. This variation does not necessarily show up in the reconstruction, since each

ck set of data is assumed to represent a plane, but can cause significant distortion in the final inter-

ce pretation. In principle, stretching of the data in 3D can be performed just as images can be cor-
~e- rected for deformation in 2D, although without fiducial marks or accurate quantitative data on lo-
on cal erosion rates, it is hard to accomplish this with real data.
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The ability to image many different elements with the SIMS cr
eates a rich data set for 3D display. A

color 2D image has three channels (whether it is saved as RG
B or HSI, as discussed in Chapter 1),

and satellite 2D images typically have as many as seven ban
ds including infrared. The SIMS may

have practically any number. The ability of the instrument to de
tect trace levels (typically ppm or bet-

ter) of every element or even isotope in the periodic table, plus
 molecular fragments, means that even

for relatively simple specimens the multiband data present a ch
allenge to store, display and interpret.

Another type of microscope that removes layers of atoms as 
it images them is the atom probe ion

microscope. In this instrument, a strong electrical field be
tween a sharply curved sample tip and

a display screen causes atoms to be desorbed from the surfa
ce and accelerated toward the screen

where they are imaged. The screen may include an electro
n channel plate to amplify the signal so

that individual atoms can be seen, or may be used as atim
e-of-flight mass spectrometer with

pulsed application of the high voltage so that the different
 atom species can be distinguished.

With any of the instrument variations, the result is a highly ma
gnified image of atoms from the sam-

ple, showing atom arrangements in 3D as layer after layer is
 removed.

Examples of images from all these types of instruments we
re shown in Chapter 1.

Stereo measurement
There remains another way to see 3D structures. It is the same

 way that humans see depth in some

real-world situations —having two eyes that face forward so
 that their fields-of-view overlap permits

us to use stereoscopic vision to judge the relative distance to 
objects. In humans, this is done point

by point, by moving our eyes in their sockets to bring each
 subject to the fovea, the portion of the

retina with the densest packing of cones. The muscles in tur
n tell the brain what motion was needed

to achieve convergence, and so we know whether one obj
ect is closer or farther than another.

Further into this section, we will see stereo vision used as 
a means to transmit 3D data to the hu-

man viewer. It would be wrong to think that all human depth
 perception relies on stereoscopy. In

fact, much of our judgment about the 3D world around u
s comes from other cues such as shad-

ing, relative size, precedence, atmospheric effects (e.g., fog 
or haze), and, motion flow (nearer ob-

jects move more in our visual field when we move our hea
d) that work just fine with one eye and

are used in some computer-based measurement methods
 (Roberts, 1965; Horn, 1970, 1975; Wood-

ham, 1978; Carlsen, 1985; Pentland, 1986). For the mome
nt, however, let us see how stereoscopy

can be used to determine depth information to put inform
ation into a 3D computer database.

The light microscope has a rather shallow depth of fiel
d, which is made even less in the confocal

scanning light microscope discussed previously. Conseq
uently, looking at a specimen with deep

relief is not very satisfactory except at relatively low magni
fications; however, the electron micro-

scope has lenses with verysmall aperture angles, and th
us has very great depth of field. Stere-

oscopy is most commonly used with the scanning electron
 microscope (SEM) to produce in-focus

images of rough surfaces. Tilting the specimen, or el
ectromagnetically deflecting the scanning

beam, can produce a pair of images from different points 
of view that form a stereo pair. Looking

at one picture with each eye fools the brain into seeing t
he original rough surface.

Measuring the relief of surfaces from such images is the s
ame in principle and in practice as using

stereo pair images taken from aircraft or satellites to mea
sure the elevation of topographic fea-

tures on the earth or another planet. The richer detail in
 the satellite photos makes it easier to find

matching points practically anywhere in the images, but by 
the same token requires more match-

ing points to define the surface than the simpler geome
try of typical specimens observed in the

SEM. The mathematical relationship between the measured
 parallax (the apparent displacement of

points in the left and right eye image) and the relative 
elevation of the two points on the surface

was presented in Chapter 1.
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Automatic matching of points from stereo pairs is a difficult task for computer-based image analy-

sis (Marr and Poggio, 1976; Medioni and Nevatia, 1985; Kayaalp and Jain, 1987). It is usually per-

formed by using the pattern of brightness values in one image, for instance the left one, as a tem-

plate to perform across-correlation search for the most nearly identical pattern in the right image.

The area of search is restricted by the possible displacement, which depends on the angle be-

tween the two views and the maximum roughness of the surface, to a horizontal band in the sec-

ond image. Some points will not be matched by this process because they may not be visible in

both images (or are lost off the edges of one or the other image). Other points will match poorly

because the local pattern of brightness values in the pixels includes some noise, and several parts

of the image may have similar noise levels.

Matching many points produces a new image in which each pixel can be given a value based on

the parallax, and hence represents the elevation of the surface. This range image will contain many

false matches, but operations such as a median filter usually do a good job of removing the out-

lier points to produce an overall range image of the surface. In the example of Figure 8, cross-cor-

relation matching of every point in the left-eye view with points in the right produces a disparity

map (the horizontal distance between the location of the matched points) that contains false

matches, which are filled in by a median filter as shown. The resulting elevation data can be used

for measurement of points or line profiles, or used to reconstruct surface images, as illustrated. This

use of surface range data is discussed further in Chapter 13.

7
7

7

:=

d
i-
e
if
;e

a

U

Figure 8. Elevation measurement using stereo pair images:

(a, b) left and right eye views of a microfossil;

(c) raw cross-correlation disparity values;

(d) median filter applied to c;

(e) surface height values measured from a mean plane, displayed

as grey-scale values;

(, f~ rendered perspective-corrected surface model using the values

in e;

(g~ the same surface reconstruction using elevation values from e

with surface brightness values from a.

C flk

e
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A second approach to snatching stereo pairs is based on the realization that many
 of the points in

each image will not snatch well because they are just part of the overall surfa
ce or structure and

not the "interesting" points where surfaces meet or other discontinuities are present
. This approach

is presumably related to human vision, which usually spends most of its tune concen
trating on only

the few points in each scene where discontinuities are found. Locating these intere
sting points

based on some local property such as the variance, entropy, or result of a high-pass
 filter, produces

a comparatively short list of points to be matched between the two images (Morav
ec, 1977; Quam

and Hannah, 1974). A typical case may have only thousands of points, instead of t
he million or so

pixels in the original images.

Somewhat better results are obtained by fitting a cubic polynomial to the pixel brigh
tness values

in each neighborhood. Then, if the polynomial is written as

f (i, j) = cl + c2x + c3y + c4x2 + csxy + c6y2 +

+ c~x3 + c8xzy + c9xy2 + cloy
3 (1)

the Zuniga—Haralick operator <Zuniga and Haralick, 1983; Haralick and Shapiro, 19
92) used to de-

tect corner points is

-2 • ~CZ C6 - CZC3C5 - C3 C4

(cZ + c3 )~
~2~

The points on the resulting short list are then snatched in the same way as abo
ve, by correlation

of their neighborhood brightness patterns. Additionally, for most surfaces the or
der of points is pre-

served. This, and the limits on possible parallax for a given pair of images, reduces
 the typical can-

didate list for matching to ten or less, and produces a list of suxface points and the
ir elevations. It

is then assumed that the surface between these points is well behaved and can
 be treated as con-

sisting of planar facets or simple spline patches, which are constructed by lin
king the points in a

Delaunay tesselation. If the facets are small enough, it is possible to generate a con
tour map of the

surface as shown in Figure 9 by interpolating straight line segments between point
s along the

edges of each planar facet. A complete display of elevation, called a range im
age, can be pro-

duced by interpolation as shown in Figure 10.

The TEM also has a very large depth of field. In most cases, the specimens obser
ved in the TEM

are very thin (in order to permit electron penetration), and the optical depth 
of field is uniinpor-

tant. With recent generations of high-voltage microscopes, however, comparat
ively thick samples

(of the order of micrometers) may be imaged. This thickness is enough to co
ntain a considerable

amount of 3D structure at the resolution of the TEM (of the order of a few nanomet
ers). Thus, us-

ing the same approach of tilting the specimen to acquire stereo pair images, it is
 possible to ob-

tain information about the depth of points and the 3D structure,

Figure 9. Drawing contour lines (iso elevation

lines) on the triangular facets joining an

arbitrary arrangement of points with elevations

that have been determined by stereoscopy.

`r

~~.
~~~::
.~~;'
:̀:~ ',,~ .
Y ~:~~

~;.
z:r'

~.

g
~:

,,:~<

'k~.,. i

,3

~~

602 The Imnge Processing Handhoolc

mrush
Sticky Note
None set by mrush

mrush
Sticky Note
MigrationNone set by mrush

mrush
Sticky Note
Unmarked set by mrush



~~ ~__ ̀  I'

~ '~.

Figure 10. InterpoCation

of a range image:

(a) isolated, randomly

arranged points with

measured elevation

(color coded);

(b) contour lines drawn

through the tesselation;

(c) smooth interpolation

between contour lines;

(d) the constructed

range image (grey scale).

Presenting the images to a human viewer's eyes so that two 
pictures acquired at different times can

be fused in the mind and examined in depth is not difficult. I
t has been accomplished for years pho-

tographically, and is now often done with modest tradeoff in latera
l resolution using a computer to

record and display the images. The methods discussed in the follow
ing paragraphs, which use stereo

pair displays to communicate 3D information from generated ima
ges are equally applicable here.

It is far more difficult, however, to have the computer determin
e the depth of features in the struc-

ture and construct a 3D database of points and their relationship to 
each other. Part of the prob-

lem is that so much background detail is available from the (mo
stly) transparent medium sur-

rounding the features of interest that it may dominate the loca
l pixel brightnesses and make

matching impossible. Another part of the problem is that it is no l
onger possible to assume that

points maintain their order from left to right. Ina 3D structure, points
 may change their order as

they pass in front or in back of each other.

The consequence of these limitations has been that only in a very few
, highly idealized cases has

automatic fusion of stereo pair images from the TEM been attempted su
ccessfully, Simplification of

the problem using very high contrast markers, such as small gold particl
es bound to selected sur-

faces using antibodies, or some other highly selective stain, helps. In th
is case, only the markers

are considered. Only a few dozen of these exist, and similar to the inte
resting points mentioned

previously for mapping surfaces, they are easily detected (being usually f
ar darker than anything

else in the image) and only a few could possibly match.

Even with these markers, a human may still be needed to identify the matches
. Given the match-

ing points in the two images, the computer can construct a series of lines tha
t describe the surface

which the markers define, but this surface may be only a small part of the tota
l stricture. Figure

11 shows an example of this method in which human matching was perfo
rmed. Similar methods

can be applied to stained networks (Huang et al., 1994), or the distribution o
f precipitate particles

in materials, for example.
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Figure 11. Example of

decorating a surface with

metal particles (Golgi stain)

shown in transmission

electron micrographs

(Peachey and Heath; 1989)

with elevations that are

measured stereoscopically to

form a network describing the

surface (b).

In most matching procedures, the points in left and right images are defined in terms of pixel ad-

dresses. The error in the vertical dimension determined by stereoscopy is typically an order-of-mag-

nitude greater than the precision of measurement of the parallax, because the vertical height is pro-

portional to the lateral parallax times the cosecant of the small angle between the views. Improving

the measurement of parallax between features to subpixel accuracy is therefore of considerable in-

terest. Such improvement is possible in some cases, particularly when information from many p~-

els can be combined. As described in Chapter 9, the centroids of features or the location of lines

can be specified to an accuracy of one-tenth of a pixel or better.

3D data sets
In the case of matching of points between two stereo pair images, the database is a list of a few

hundred or perhaps thousands of coordinates that usually define either a surface or perhaps node
s

in a network structure. If these points are to be used for measurement, the coordinates and per-

haps some information on which points are connected to which points are all that is required, If

image reconstruction is intended, it will be necessary to interpolate additional points between

them to complete a display. This is somewhat parallel to the use of boundary representation in two

dimensions. It may offer a very compact record of the essential (or at least of the selected) infor
-

mation in the image, but it requires expansion to be visually useful to the human observer.

The most common way to store 3D data sets is as a series of 2D images. Each single image, which

we have previously described as an array of pixels, is now seen to have depth. This depth is pre-

sent either because the plane is truly an average over some depth of the sample (as in looking

through a thin section in the light microscope) or based on the spacing between that plane and the

next (as for instance a series of polished planes observed by reflected light). Because of the depth

associated with the planes, we refer to the individual elements as voxels (volume elements) rather

than peels (pixel elements).

For viewing, processing and measurement, the voxels will ideally be regular and uniformly spaced.

This goal is often accomplished with a cubic array of voxels, which is easiest to address in com-

puter memory and corresponds to the way that some image acquisition devices function (e.g., the

confocal scanning light microscope). Other arrangements of voxels in space offer some advan-

tages. In a simple cubic arrangement, the neighboring voxels are at different distances from t
he

central voxel, depending on whether they share a face, edge or corner. Deciding whether voxe
ls

touch and are part of the same feature requires a decision to include 6-, 18- or 26-neighbor con-

nectedness, even more complicated than the 4- or 8-connectedness of square pixels in a 2D imag
e,

discussed in Chapter 6.
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More symmetrical arrangements are possible. The arrangements of atoms in metal crystals typically

occupy sites in one of three lattice configurations: body-centered cubic (BCC), face-centered cubic

(FCC), or hexagonal close packed (HCP). The first of these surrounds each atom (or voxel) with

eight touching neighbors at the same distance, and the other two have 12 equidistant neighbors.

The advantage of these voxel-stacking arrangements is that processing of images can treat each of

the neighbors identically, and that measurements are less biased as a function of direction. A more

symmetrical neighborhood with neighbors at uniform distances also simplifies processing, includ-

ing the application of filters and morphological operations. Of course, in order to fill space, the

shapes of the voxels in these cases are not simple. Storing and addressing the voxel array is diffi-

cult, as is acquiring images or displaying them. Usually the acquired image must be re-sampled by

interpolation to obtain voxels in one of these patterns, and a reverse interpolation is needed for dis-

play. For most purposes, these disadvantages outweigh the theoretical advantages, just as the use

of a hexagonal pixel array is rarely used for two-dimensional images. Cubic arrays are the most

common 3D axrangement of voxels.

If the voxels are not cubic because the spacing between planes is different from the resolution

within each plane, it may be possible to adjust things so that they are. In the discussion that fol-

lows, we will assume that the depth spacing is greater than the spacing within the plane, but an

analogous situation could be described for the reverse case. This adjustment could be done by in-

terpolating additional planes of voxels between those that have been measured. Unfortunately,

doing this will not help much with image processing operations, since the assumption is that all of

the neighbors are equal in importance, and with interpolation they become redundant.

The alternative approach is to reduce the resolution within the plane by sampling every nth peel,

or perhaps by averaging pixels together in blocks, so that a new image is formed with cubic vox-

els. This resolution reduction also reduces the amount of storage that will be required, since many

fewer voxels remain. Although it seems unnatural to give up resolution, in a few cases where cu-

bic voxels are required for analysis this is done.

A variety of different formats are available for storing 3D data sets, either as a stack of individual

images or effectively as an array of voxel values with xy,z indices. Such arrays become very large,

very fast. A 512 x 512 or 640 x 480 pixel 2D image, which represents a very common image size

for digitizing video images, occupies 250 or 300K bytes of storage, using one byte per pixel (256

grey values). This is easily handled in the memory of a desktop computer, or recorded on a floppy

disk. Even with modern digital cameras, a typical 1024 x 1024 color image occupies only a few M

bytes. A 512 x 512 x 512 3D image would occupy 128 megabytes of memory, about the upper limit

for practical processing on a desktop machine. Larger files present difficulties just in storing or

transmitting from place to place, let alone processing. Most of the data sets in this chapter axe

much smaller, for instance 256 x 256 x 50 (3.2 megabytes). The same operations shown here can

be used for larger data sets, given time, computer power (speed and memory), or both.

Compression can reduce the size of the storage requirements. The individual 2D images can be

compressed either using run-length encoding (especially useful for binary images), or by the JPEG

(Joint Photographers Expert Group) compression algorithms based on a discrete cosine transform,
discussed in Chapter 2. There is not yet a standardized algorithm extending to 3D images, but
there are emerging standards for time sequences of images. One, the MPEG (Moving Pictures Ex-

pert Group) approach, is based on the fact that in a time series of images, most of the pixels do
not change much in successive frames. Similar assumptions have been used to transmit video con-

ferences over telephone lines; only the changing pixels must be transmitted for each frame.

This high correlation from frame to frame is also usually true for a series of planes in 3D, and may
lead to standardized algorithms for compacting such images. They will still require unpacking for
display, processing and measurement, however, aid the significant artefacts introduced by these
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lossy compression methods (discussed in Chapter 2) argues a
gainst their use. For 3D image stacks

compressed using MPEG methods, the artefacts in the z-d
irection (interpreted as time) are even

worse than those in each individual x y plane.

It is instructive to compare this situation to that of computer
-aided design (CAD). For manmade ob-

jects with comparatively simple geometric surfaces, only a tiny
 number of point coordinates are re-

quired to define the entire 3D structure. This kind of boundar
y representation is very compact, but

it often takes some time (or specialized display hardware) to
 render a drawing with realistic sur-

faces from such a data set. For a voxel image, the storage req
uirements are great but information

is immediately available without computation for each loc
ation, and the various display images

shown in this chapter can usually be produced very quic
kly (sometimes even at interactive speeds)

by modest computers.

For instance, given a series of surfaces defined by bounda
ry representation or a few coordinates,

the generation of a display may proceed by first construct
ing all of the points for one plane, cal-

culating the local angles of the plane with respect to the v
iewer and light source, using those to

determine a brightness value, and plotting that value on the
 screen, At the same time, another im-

age memory is used to store the actual depth (z-value) of the 
surface at that point. After one plane

is complete, the next one is similarly drawn except that 
the depth value is compared point by

point to the values in the z-buffer to determine whether th
e plane is in front of or behind the pre-

vious values. Of course, each point is only drawn if it lies in 
front. This procedure permits multi-

ple intersecting planes to be drawn on the screen correctly. 
(For more information on graphic pre-

sentation of 3D CAD data, see Foley and Van Dam, 1984; 
or Hearn and Baker, 1986.)

Additional logic is needed to clip the edges of the planes t
o the stored boundaries, to change the

reflectivity rules used to calculate brightness depending on 
the surface characteristics, and so forth.

Standard texts on computer graphics describe algorithms fo
r accomplishing these tasks and devote

considerable space to the relative efficiency of various met
hods because the time involved can be

significant. By comparison, looking up the value in a large 
array, or even running through a col-

umn in the array to add densities or find the maximum value
, is very fast. This is particularly true

if the array can be held in memory rather than requiring d
isk access.

The difficulties of aligning sequential slices to produce a 3D
 data set were discussed above. In

many cases, there may be several 3D data sets obtained 
by different imaging techniques (e.g.,

magnetic resonance imaging (MRI), x-ray, and PET images o
f the head) which must be aligned to

each other. They also commonly have different resolutions 
and voxel sizes, so that interpolation is

needed to adjust them to match one another. The situation is
 a direct analog to the 2D problems

encountered in geographical information systems (GIS) in w
hich surface maps, images in different

wavelengths from different satellites, aerial photographs and o
ther information must be aligned and

combined.

The general problem is usually described as one of regis
tering the multiple data sets. The two

principal techniques, which are complementary, are to use c
ross-correlation methods on the entire

pixel or voxel array as discussed in Chapter 5, or to isolate s
pecific features in the multiple images

and use them as fiducial marks to perform warping (Brown
, 1992; Besl, 1992; van den Elsen et al.,

1993, 1994, 1995; Reddy and Chatterji, 1996; Freder
ik et al., 1997; West et al., 1997).

Slicing the data set
Most 3D image data sets are actually stored as a series of 2D i

mages, so it is very easy to access

any of the individual image planes, usually called slices. Pla
ying the series of slices back in order

to create an animation or "movie" is perhaps the most com
mon tool available to let the user view

the data. It is often quite effective in letting the viewer 
perform the 3D integration, and as it
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recapitulates the way the images may have been acquired (but with a much compressed time

base), most viewers can understand images presented in this way. A simple user interface n
eed

only allow the viewer to vary the speed of the animation, change direction or stop at a ch
osen

slice, for example. The same software now widely available to play back movies on the computer

screen can be used for this purpose,

One problem with presenting the original images as slices of the data is that the orientation of some

features in the 3D structure may not show up very well in the slices. It is useful to be able to change

the orientation of the slices to look at any plane through the data, either in still or animated playback.

This change in orientation is quite easy to do as long as the orientation of the slices is parallel to the

x-, y-, or z-axes in the data set. If the depth direction is understood as the z-axis, then the x- an
d y-

axes are the horizontal and vertical edges of the individual images. If the data are stored as discrete

voxels, then accessing the data to form an image on planes parallel to these directions is just a mat-

ter of calculating the addresses of voxels using offsets to the start of each row and column in the ar-

ray. This addressing can be done at real-time speeds if the data are held in memory, but is somewhat

slower if the data are stored on a disk drive because the voxels that are adjacent along scan lines in

the original slice images are stored contiguously on disk and can be read as a group in a single pass.

When a different orientation is required the voxels must be located at widely separated places in the

file, however and it takes time to move the head and wait for the disk to rotate.

Displaying an image in planes parallel to the x-, y-, and z-axes was introduced in Chapter 11. Fig-

ure 12 shows another example of orthogonal slices. The images are MRIs of a human head. The

views are generally described as transaxial (perpendicular to the subject's spine), sagittal (parallel

P~gure 12. A few slices from a complete set of MRI head. scan data. Images a through c show transaxial

sections (3 from a set of 46), images d and e are coronal sections (2 from a set of 42), and f is a

sagittal section (1 from a set of 30).
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Figure 13. Comparison of two v
ertical slices through the 3D M

RI data set fro~~z Figure 12:

(a) slices extended vertically;

(b) linear° inte~~olation between slice
s.

to the spine and to the major axis of 
symmetry), and coronal (parallel to t

he spine and perpen-

dicular to the "straight ahead" line of
 sight). Several individual sections are

 shown representing

each orientation.

It is actually not too common to pe
rform this kind of resectioning with MR

I data (or most other

kinds of medical images) because the
 spacing of the planes is usually gre

ater than the resolution

in the plane, and the result is a visib
le loss of resolution in one direction

 in the resectioned slices

due to interpolation in the z directi
on. The alternative to interpolation is 

to extend the voxels in

space; in most cases, this is even mor
e distracting to the eye, as shown in Fi

gure 13. Interpolation

between planes of pixels can be don
e linearly, or using higher-order fits to

 more than two planes,

or more than just the two pixels imm
ediately above and below, But while

 interpolation produces

a visually acceptable image, it can 
ignore real structure or create apparen

t structure. Figure 14

shows an example of interpolation,
 which creates an impression of struc

ture that is not actually

present (and hides the real structure).

When data can be obtained with cubic v
oxels this interpolation is not a proble

m. In several of the

figures later in this chapter, much gr
eater loss of resolution in the z dire

ction will be evident

when plane images are reconstructed
 by sampling and interpolation of the

 original data. In the

case of Figure 12, the MRI images w
ere actually obtained with uniform re

solution in each of the

three directions.

Combining several views at once us
ing orthogonal planes adds to the feel

ing of three-dimension-

ality of the data. Figure 15 shows s
everal examples of this using the same

 MRI head data based

Figure 14. Interpolation in a 3D

ary^ay. In this example, only two

images of the top and bottom of 
a

woven fabric are used. The

points between the two surfaces

are linearly interpolated and

bear no relationship to the

actual 3D structure of the texti
le.
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a b

Figure IS. Several views of the MRI head data from Figure 12 alo
ng section planes normal to the axes of

the voxel array. The voxels were taken from the trans-axial slices, and so t
he resolution is poorer in the

direction normal to the planes than in the planes. 
~`

on plane images obtained in the transaxial direction. The poo
rer resolution in the z direction is ev-

ident, but still the overall impression of 3D structure is quite go
od. These views can also be ani-

mated, by moving one (or several) of the planes through the data s
et while keeping the other or-

thogonal planes fixed to act as a visual reference.

Unfortunately, there is no good way to demonstrate this time
-based animation in a print medium.

Once upon a time, children's cartoon books used a "flip" mod
e with animation printed on a series

of pages that the viewer could literally flip or riffle through at a f
ast enough rate to cause flicker-fu-

sion in the eye and see motion. That form of animation takes a l
ot of pages and is really only good

for very simple images such as cartoons. It is unlikely to appeal t
o the publishers of books and tech-

nical journals. All that can really be done here is to show a few 
of the still images from such a se-

quence and appeal to the reader's imagination to supply a necessarlly
 weak impression of the ef-

fect of a live animation. Many online Web sites can show such animat
ions as Quicktime~ movies.

Figure 16 shows a series of images that can be used to show "
moving pictures" of this kind.

They are actually a portion of the series of images which Ea
dweard Muybridge recorded of a

running horse by setting up a row of cameras that were tripped
 in order as the moving horse

broke threads attached to the shutter releases. His purpose was
 to show that the horse's feet

were not always in contact with the ground (in order to win a wage
r for Leland Stanford, Jr.). The

individual still pictures show that. Once it was realized that such ima
ges could be viewed in se-

quence to recreate the impression of smooth motion, our modern
 motion picture industry (and

ultimately television) became possible.

It is difficult to show motion using printed images in books. There is c
urrent interest in the use of

videotape or compact disk for the distribution of technical papers, w
hich will perhaps offer a

medium that can use time as a third axis to substitute for a spatial
 axis and show 3D structure

through motion. The possibilities will be mentioned again in connecti
on with rotation and other

time-based display methods.

Motion, or a sequence of images, is used to show multidimensional data
 in many cases. "Flipping"

through a series of planes provides a crude method of showing data se
ts that occupy three spatial

dimensions. Another effective animation shows a view of an entire 
3D data set while varying the

opacity of the voxels. Even for a data set that occupies two spatial dime
nsions, transitions be-

tween many kinds of information may be used effectively. Figure 17 
shows this multiplicity with

weather data, showing temperature, wind velocity and other parameters
 displayed onto a map of

the U.S. In general, displays that utilize a 2D map as an organizing basis 
for multidimensional data
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Figure 16. A few of the series of

historic photographs taken by

Eadweard Muybridge to show

the motion of a running

horse. Viewed rapidly in

succession, these create the

illusion of continuous motion.

k

such as road networks, geological formations, and so on, called GIS, have many types of data and

can only display a small fraction of it at any one time.

Of course, time itself is also a valid third dimension and the acquisition of a series of images in

rapid succession to study changes in structure or composition with time can employ many of the

same analytical and visualization tools as images covering three space dimensions. Figure ~ ~

shows a series of images recorded at video rate (30 frames per second) from a confocal light mi-

croscope. Such data sets can be assembled into a cube in which the z direction is time, a
nd

changes studied by sectioning this volume in planes along the z direction, or viewed voluinet
ri-

cally, or as a time sequence.

i
i
c
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Figure 18. A series of images of

adult rat atrial myocytes

loaded with the calcium

indicator fluo-3. The images

were recorded at video rate

(30 frames per second) from
a confocal light microscope
(images courtesy of Dr.

William T. Mason and Dr,

John Hoyland, Department

of Neurobiology, Babraham

Institute, Cambridge, U.K.).

Arbitrary section planes

`.~:̂̀

~i

Figure 17. Weather data for

the U.S. is a richly

mzaltidimensional dcta set

tied to a geographic base.

Restricting the section planes to those perpendicular to the x-, y-, or z-axes is obviously limiting for

the viewer. It is done for convenience in accessing the voxels in storage and creating the display.

If some arbitrary planar orientation is selected, the voxels must be found that lie closest to the

plane. As for the case of image warping, stretching and rotating discussed in Chapter 3, ~ese vox-

els will not generally lie exactly in the plane, nor will they have a regular grid-like spacing that

lends itself to forming an image. Figure 19 shows an example of a plane section through an ar-

ray of cubic voxels, in which portions of various size and shape are revealed. These variations com-

plicate displaying the voxel contents on the plane.

The available solutions are either to use the voxels that are closest to the section plane, plot them

where they land, and spread them out to fill any gaps that develop, or to establish a grid of points

in the section plane and then interpolate vahies from the nearest voxels, which may be up to eight

in number. As for the case of rotation and stretching, these two sohitions have different short-

comings. Using the nearest voxel preserves brightness values (or whatever the voxel value repre-

sents) but may distort boundaries and produce stair-stepping or aliasing. Interpolation makes the

boundaries appear straight and smooth, but also smooths the brightness values by averaging so that

Chapter 12: 3D Image Visualization bl l
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Figure 19. Intersection of a plane with an array of cubic
voxels. The plane is viewed perpendicularly, showing the
different areas and shapes of the intersection regions.

steps are blurred. It is also slower, because more voxels must be located in the array and the in-

terpolation performed.

Producing an animation by continuously moving a section plane at an arbitrary orientation re-

quires asignificant amount of computation, even if it is simple calculation of addresses and linear

interpolation of values. Instead of doing this calculation in real time, many systems instead create

new images of each of the plane positions, store them, and then create the animation by playing

them back. This procedure is fine for demonstrating something that the user has already found, but

because of the time delay is not a particularly good tool for exploring the 3D data set to discover

the unexpected.

The ultimate use of planar resectioning would be to change the location and orientation of the sec-

tion plane dynamically in real time, allowing instant response to the scene. Chapter 1 pointed out

that humans study things by turning theirs over, either in the hand or in the mind. This kind of

"turning-over" is a natural way to study objects, but requires a fairly large computer memory (to

hold all of the voxel data), a fairly speedy processor and display, and a user interface that provides

the required number of degrees of freedom. Modern desktop computers are approaching this level

of performance; Figure 20 shows a typical display.
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Figure 20. Presentation of serial
sections, 3D reconstruction, and
arbitrary plane slice on a desktop
computer (courtesy Able Software).
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Positioning an arbitrary plane can be done in two different ways, which, of course, produce the

same results but feel quite different to the user. One is to move the plane with respect to a fixed

3D voxel array. This can be done, for example, by dragging the corners of the plane along the

x, y-, z-axes, or by positioning a center point and then tilting the plane around two axes through

that point. A different method is to keep the section plane fixed perpendicular to the direction of

view while allowing the data set to be rotated in space. Combined with the ability to shift the sec-

tion plane toward or away from the viewer (or equivalently to shift the data set), this method al-

lows exactly the same information to be obtained.

The principal difference between these approaches is that in the latter case the image is seen with-

out perspective or foreshortening, so that size comparisons or measurements can be made. Ob-

taining such data may be important in some applications. On the other hand, keeping the data set

fixed and moving the section plane seems to aid the user in maintaining orientation within the

structure. Thexe are as many different modes of human interaction with 3D data sets as there are

programs, and as yet no general consensus on which are most useful has emerged.

Figure 21 shows the voxels revealed by an arbitrary section plane through the 3D data set from

the MRI image series. The appearance of the voxels as a series of steps is rather distracting, so it

is more common to show the value of the nearest voxels to the plane, or to interpolate among the

voxels to obtain brightness values for each point on the plane as shown in Fa~are 22.

Also useful is the ability to make some of the pixels in section planes transparent, allowing the

viewing of other planes behind the first, and making the 3D structure of the data more apparent.

Figure 23 shows an example of this for the spherical particle data shown in Chapter 11. The se-

ries of parallel slices are not contiguous planes of voxels, and the separation of the planes has been

increased by a factor of two in the z direction. The voxels whose density falls below a threshold

that roughly corresponds to that of the particles have been made transparent. This allows seeing

voxels which are part of particles in other section planes behind the first.

Figure 24 shows a similar treatment for the MRI data set of the human head. The threshold for

choosing which voxels to make transparent is more arbitrary than for the spheres, because void

and low-density regions exist inside as well as outside the head. However, the overall impression

of 3D stnicture is clearly enhanced by this treatment.

Figure 21. Sampling voxels along inclined
planes in a 3D array. Showing the entire
voxel is visually distracting and does not
produce a smooth image

Chapter 12: 3D Image Visualization ~~ ~
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Figure 22. Sn2ooth interpolation of image

pixels on arbitrary planes positioned

in a voxel a~~^ay.

Figure 24. View of several o~°thogonal

slices of the MRI head data with

t~ ansparency, for the low-density

regions in the planes.

Figure 23. ̀ imploded"view of voxel

layers in the tomog~aphic

reconst~ action of spherical particles

(Figures 54 SS, Chapter 11). The

lozu-density region su~~~~ou~zding the

particles is shown as transparent.
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The- use of color
Assignment of pseudo-colors to grey-scale 2D images was discussed in earlier chapters. It 

some-

times permits distinguishing subtle variations that are imperceptible in brightness in the original;

but, as noted before, it more often breaks up the overall continuity and gestalt of the image s
o that

the image is more difficult to interpret. Of course, the same display tricks can be used with 3
D sets

of images, with the same consequences.

A subtle use of color or shading is to apply slightly different shading to different planar orienta
tions

shown in Figures 15 and 22 to increase the impression of three-dimensionality. In this exa
mple,

a grey-scale difference between the x, y, and z orientations is evident. Light tints of red, gree
n and

blue can be used for this as well.

It is more useful to employ different color scales to distinguish different str~.ictures, as wa
s also

demonstrated for 2D images. It requires separate processing or measurement operations to 
distin-

guish the different structures. When applied to 3D data sets, the colored scales assist in seeing the

continuity from one image to another, while providing ranges of brightness values for each o
bject.

One of the most common ways that multiple colors can be used to advantage in 3D image data 
is

to code multiband data such as the elemental concentrations measured from the secondary io
n

mass spectrometer, This use of pseudo-color is analogous to similar coding in 2D images, very fre-

quently used for x-ray maps from the SEM and (of course) for remotely sensed satellite images, in

which the colors may either be "true" or used to represent colors beyond the range of human vi-

sion, particularly infrared. Of course, the other tools for working with multiband images in 2D, such

as calculating ratios, can also be applied in 3D.

Figure 25 shows example images for the SIMS depth imaging of elements implanted in a silicon

wafer. Comparing the spatial location of the different elements is made easier by superimposing the

separate images and using colors to distinguish the elements. This is done by assigning red, green

and blue to each of three elements and then combining the image planes, with the result shown

in Figure 26.

Volumetric display
Sectioning the data set, even if some regions are made transparent, obscures much of the voxel ar-

ray. Only the selected planes are seen and much of the information in the data set is not used. It

has been pointed out before that the topological properties of 3D structures are not revealed on

a b c

Figure 25. TTiews of plane sections for the elements aluminum, boron, and oxygen in a silicon wafer,

imaged by secondary ion mass spectrometry. Figure 26 shows a color image of all three elements on

another orthogonal set of planes.
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Pigure 26. Color codi~ag of elemental i~ztensity from SIMS

images in Figure 25. The ~~aultibazzd 3D data set is

sectioned on x, y, and z planes, and the 256-level (8-bit)

brightness scale fo~~ the elements Aluminum, Boron, and

Oxygen a~~e assigned to red, green, and blue, respectively.

section planes. The volumetric display method shows all of the 3D v
oxel information. For simple

structures displaying everything can be an advantage, while for very c
omplex ones the overlapping

features and boundaries can become confusing.

A volumetric display is produced by ray tracing. In the simplest model 
used, a uniform, extended

light source is placed behind the voxel array. For each parallel straigh
t line ray from the light

source to a point on the display screen, the density value of each voxel t
hat lies along the path is

used to calculate a reduction in the light intensity following the usual ab
sorption rule:

I __ e ~P (3)

Io

Performing this calculation for rays reaching each point on the display g
enerates an image. The to-

tal contrast range may be adjusted to the range of the display by introd
ucing an arbitrary scaling

constant. This scaling can be important because the calculated intensitie
s may be quite small for

large voxel arrays.

Notice that this model assumes that the voxel values actually correspond to 
density, or to some

other property that inay be adequately modeled by the absorption of lig
ht. The images shown in

Figures 54 and 56a in Chapter 11 correspond closely to this model, s
ince they show the pro-

jected view through a specimen using x-rays, although the geometry is 
cone beam rather than

parallel projection. In fact, x-ray toinographic reconstruction, discuss
ed in the preceding chapter,

proceeds from such views to a calculation of the voxel array. Having the a
rray of voxel vahies then

permits generating many kinds of displays to examine the data. It se
ems counter-productive to

calculate the projection view again, and indeed in such a view as shown 
in those figures, the abil-

ity to distinguish the individual features and see their relationship is poor
.

One of the advantages of this mode is that the direction of view can be c
hanged rather easily. For

each, it is necessary to calculate the addresses of voxels that lie along eac
h ray. When the view di-

rection is not parallel to one of the axes, this addressing can be done effi
ciently using sine/cosine

values or a generalization of the Bresenham line drawing algorithm. Als
o in this case, an improved

display quality is obtained by calculating the length of the line segment
 along each ray through

each pixel. The absorption rule then becomes

1 -~pr
jo = e (4)

This method is far short of a complete ray tracing, although it is someti
mes described as one. In a

true ray-traced image, refraction and reflection of the light is included al
ong with the absorption.

bl b The Image Processing Hundboolc
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Figure 27. Reconstruction of chromosomes an a dividing cell from

CSLM3D data. The chromosomes are opaque and the matrix

around them transparent, cznd shadows have been ray cast on the

rearplane to enhance the 3D appearance.

Figure 27 shows an example in which the inclusion of shadows greatly increases the 3D impr
es-

sion. More complex shading, in which features cast shadows on themselves and each other, r
e-

quires calculations that are generally too time-consuming for routine use in this application. Wit
h

the simple absorption-only method, it is possible to achieve display speeds capable of rotati
ng

the array (changing the view direction) interactively with desktop computers.

Of course, it is always possible to generate and save a series of projection images that can then 
be

played back as an animation or movie. These are primarily useful for communicating some 
infor-

mation already known to another viewer, however, while interactive displays may assist in di
s-

covering the structural relationships in the first place.

These types of volumetric displays are often isometric rather than perspective-corrected. In 
other

words, the dimension of a voxel or feature does not change with distance. This is equival
ent to

looking at the scene through a long focal length lens, and given the inherent strangeness of 
data

in most 3D image sets does not generally cause significant additional discomfort to viewers. Tni
e

perspective correction requires that xy dimensions on the screen be adjusted for depth. Pa
rticu-

larly for rotated views, perspective adds a significant amount of computation.

Figure 28 shows such a view through a joint in the leg of a head louse. The original series of im
-

ages were obtained with a transmission confocal light microscope, with nearly cubic voxels 
(the

spacing between sequential focal planes was 0.2 }.im in depth). The individual muscle fibers a
re vis-

ible but overlapped. Shifting the stack to approximate rotation as described below gives the v
iewer

the ability to distinguish the various muscle groups. Again, a time sequence (hard to show in 
print

media) is' used as a third dimension to display 3D data as the planes are shifted, and sin
ce no

complex arithmetic is needed to run this sequence it is practical to create such animations in
 a

small computer.

A much more limited approach to volumetric presentation is to show one portion of the image as

a surface rendered model, as discussed below, but to show the surrounding tissue as a trans
parent

Figure 28. Volumetric projection image through a stack of

60 CSLM images of a joint in the leg of a head louse.

Each plane is displaced by one voxel dimension to

produce a view at 45°.
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Figure 29. Viewing the surface reco~astruction, f •ona

serzal sections through a knee joint with the

surrounding tissue shown as a transparent

volume with no internal detail.

a b

volume. Usually no detail is preserved in this volume, and it is present only to p
rovide a point of

reference for the structure of interest, as shown in Figure 29.

Very rapid generation of projection images is possible if the addressing can be s
implified and the

variation in distance through different voxels can be ignored. Figure 30 shows 
an approximation

that facilitates these changes. Each plane of voxels is shifted laterally by a small am
ount, which may

be an integer number of voxel spaces making the address calculation particularly s
imple, but in any

case requires no more than simple 2D interpolation. The planes remain normal to 
the view direc-

tion, so that all distances through pixels are the same. This kind of shifting can give 
the impression

of rotation for small angles. Beyond about 30°, the distortion of the 3D struct
ure due to stretching

may become visually objectionable; however, this method provides a fast way t
o cause some rel-

ative displacement of features as a function of depth to better understand the st
ructure.

Stereo viewing
In many of the images in this chapter, two adjacent images in a rotation or 

pseudo-rotation se-

quence can be viewed as a stereo pair. For some readers looking at them 
will require an inex-

pensive viewer which allows one to focus on the separate images while keep
ing the eyes looking

straight ahead (which the brain expects to correspond to objects at a great 
distance). Other read-

ers inay have mastered the trick of fusing such printed stereo views witho
ut assistance. Some,

Figure 30. Schematic diagram of shifting image planes

laterally to create illusion of rotcttioz2, or to p~°oduce

stereo pair images for viewing.

61~ The Image Processing Handbook
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unfortunately, will not be able to see them at all. A significant portion of the popu
lation seems not

to actually use stereo vision, due for instance to uncorrected amblyopia ("lazy eye"
) in childhood.
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Stereo views are so useful to a reasonable fraction of people that it may be usefu
l to display them

directly on the viewing screen. Of course, with a large screen, it is possible to draw t
he two views

side by side. Figures 31 and 32 show examples of stereo pair presentation of
 3D images using

both the volumetric display method discussed above and the surface-rendered m
ethod discussed

below, for the same specimen (derived from confocal light microscope images of
 a sea urchin

embryo). Figure 33 shows another stereo pair presentation of skeletonized da
ta obtained from

neurons imaged in the confocal light microscope.

A more direct stereo display method uses color planes in the display for the l
eft- and right-eye

views. For instance, Figure 34 shows a stereo pair of blood vessels in the skin of a
 hamster, im-

aged live using a confocal light microscope in fluorescence mode. The 3D reconstru
ction method

used pseudo-rotation by shifting of the focal section planes with the emissio
n rules discussed

Figure 31• Stereo pc~irpresentation of Feulgen-stained DNA in a sea 
urchin embryo. The cells form a hollow

sphere, evident in the stereo images, iuith some cells in the act of cell divisio
n. This image shows a

volzemetric image that is "ray cast" or "ray traced, " icsing can emission mode
l, iuith different offsets for the

individual optical sections to produce a stereo effect. See also Figure 32 
for a surface image of the same

data (From Summers, R.G. et al. (1991). J. Electron Microscope Tech. 18.•
230. With permission.)

Figure 32. Stereo view of the data set from Figure 31, beet szerface is rende
red and color coded, The szerface

image shows contozers within each section which render the szerfaces o
f the chromosomal masses bzet

obscure any internal detail or structicres to the rear. Contour lines for 
the embryo are also shown.
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Figure 33. Stereo images of skeletonized
lines (manually entered from serial

section data) from two neurons in

hippocanapus of 10-day old rat, showing

branching and 3-D relationships (From

Turner, J.N, et al. (1991). J. Electron
Microscope Tech. 8.•11-23. With
permission.)

Figure 34. Stereo view of multiple focal plane images from a confocal light microscope showing light

emitted from fluorescent dye injected into the vasculature of a hamster and viewed live in the skin. This

image is also shown in Figure 35 (images courtesy Chris Russ, University of Texas, Austin TX).

below. Combining these images using red and green to display two views of the same 3D data set

is shown in Figure 35. The images are overlapped, and the viewer (equipped with glasses hav-

ing appropriate red and cyan filters) can easily look at the combined images. Of course, this

method cannot be used for color images, as discussed in the following paragraphs.

These stereo views were constructed from multiple sections by projecting or ray tracing through a

stack of images as shown in Figure 30. The individual sections were obtained by confocal mi-

croscopy, which, due to its very shallow depth of field, can be used to obtain a continuous set of

voxel planes. Other techniques that produce continuous arrays of thin sections can also be used,

of course; but it is even possible to perform this type of reconstruction using a conventional opti-

cal microscope, despite the blurring of the images due to the large depth of field and the effect of

light passing through the specimen above and below the image planes.

Removing artefacts such as blur from images by processing in frequency space was discussed in

Chapter 5. For three dimensions the procedure is identical except that the point spread function

and the Fourier transform are three dimensional. Figure 36 shows an example of using Wiener in-

verse filtering to accomplish this deblurring in the creation of a stereo pair. The images were re-

constructed from 90 optical sections spaced through a 50-}.im thick section, which is much closer

than the depth of field of the optics. The use of the inverse filter removes most of the artefacts from

the images and produces a clear stereo pair image (Lin et al., 1994). Another approach to the same

kind of sharpening is to apply an iterative procedure that uses neighboring images to estimate the
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Figure 35. Stereo pair of the same image pair shown in
Figure 34, using red and cyan for the different eye
vieius. This allows viewing the image with normal
eye vergence, using glasses (red lens on left eye,
green or blue on right).

Figure 36. Sharpening of focal
sections by Wiener filtering. The

stereo pair images are proclucecl
by rc~y tracing two projections at
c~ngCes of about ±2.4°through 90
serial optical sections in a SO yam
thick section. The sample is
Spirogyra.
(a) original images;
(b) Wiener inverse filtered (From
Lin, W. et al. (1994). J. Comput.

Assisted Microsc. 6(3~~ 113-125'.

t With permission.)
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artefacts in each plane. This Van Cittert filter requires using neighbor planes on each side out to

about twice the dimension of the point spread function, which in this case is the depth of optical

focus (Jain, 1989).

For projection of stereo pair images, it is possible to use two slide projectors equipped with polariz-

ing filters that orient the light polarization at right angles (usually 45° to the right and left of vertical).

Viewers wearing polarized glasses can then see the stereo effect, and color can still be used. This dis-

play method requires special specular projection screens that reflect the light without losing the po-

larization, and works best for viewers in line with the center of the screen. However, it has become

a rather popular method of displaying 3D data. Of course, it is not as practical for interactive
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exploration of a data set since photographic slides must be made first. Polarization can also be used

with live computer displays, as discussed in the next paragraph.

The difference in viewing angle for the two images can be adjusted somewhat arbitrarily to con-

trol the visual impression of depth. The angle can be made to correspond to the typical vergence

angle of human vision for normal viewing. Using a typical interocular distance of 7.5 cm, and a

viewing distance of 1 meter, the actual vergence angle is 4.3°. For closer viewing, larger angles are

appropriate. The judgment of depth thus depends on our brain's interpretation of the viewing dis-

tance, which is based on the focus distance to the image in combination with the vergence angle

of the eyes in their sockets. If the angle is varied, the impression of depth can be adjusted to ex-

pand or compress the z dimension, as shown in Figure 37.

Figure 37. Stereo pair irrcages of a
generated structure with varying angles
to control the apparent depth of the
structure in the z direction: (a) ±1 °.

(b) ±3 °• (c) ±5~, v~.sual fusion of the
images become increasingly difficult
with the larger angles.

622 The Image Processing Handbook

mrush
Sticky Note
None set by mrush

mrush
Sticky Note
MigrationNone set by mrush

mrush
Sticky Note
Unmarked set by mrush



`~

Special display hardware
~ Other specialized display hardware for 3D image analysis may be useful in some cases. Hologra-

phy offers the promise of realistic 3D display that can be viewed from different directions (Blackie

et al., 1987). Attempts to generate such displays by calculating the holograms have been experi-

mentally successful, although they are still too slow for interactive use (and far from the "stand

alone" 3D presentation of Princess Leia in Star Wars). At present, the best holograms are displayed

using coherent light from a laser and high resolution film. In order to produce live displays from

a computer, multiple screens sL~ch as the LCDs used for conference room projection can be used

in place of the film; however, the resolution and control of the light modulation (relative intensity)

is not really adequate.

Another custom approach is called a varifocal mirror (Fuchs et al., 1982). Each plane of voxels in

the 3D array is drawn one at a time on the display CRT. The screen is not viewed directly by the

user, but is reflected from a mirror. The mirror is mounted on a speaker voice coil so that it can be

moved. As each different plane of voxels is drawn, the mirror is displaced slightly as shown

schematically in Figure 38. This movement changes the distance from the viewer's eye to the

screen, and gives the impression of depth. In order to achieve high drawing speeds (so that the en-

tire set of planes can be redrawn at least 30 times per second), this technique is usually restricted

to simple outline drawings rather than the entire voxel data set. The successive outlines are per-

ceived as surfaces in three dimensions.

The mirror technique also suffers from a slowdown if the planes are not normal to the x-, y-, and

z-axes so that trigonometric calculations are required to access the data. The alternative approach

is to continue to draw outlines in the major orthogonal planes, but to move the mirror during the

drawing of each outline to correspond to the tilting of the plane. This requires a much higher and

more complex frequency response from the mechanical devices used to control the mirror.

Another, more recent development for real-time viewing of 3D computer graphics displays uses

stereo images. The computer calculates two display images for slightly different orientations of

.= the data set or viewing positions. These are displayed alternately using high-speed display hard-

`"' ware which typically shows 120 images per second. Special hardware is then used to allow each

eye to see only the correct images, at a rate of 60 times per second, fast enough to eliminate flicker

(the minimum rate for flicker fusion above which we see continuous images rather than discrete

ones is usually at least 16 frannes per second; commercial moving pictures typically use 24 frames,

and television uses 25 for European and 30 in U.S. systems).

~̀ - j ~ The visual switching may be done by installing a liquid crystal device on the display monitor that

-' •' can rapidly switch the polarization direction of the transmitted light, so that viewers can watch

through glasses containing polarizing film. A second approach is to wear special glasses contain-

ing active liquid crystal devices that can rapidly turn clear or opaque. Synchronizing pulses from

., :' the com uter cause the lasses to switch as the ima es are dis la ed, so that each e e sees theP g g P Y Y
proper view.

~~~
Figure 38 Dia ram o the o eration o a vary ocal mirror to show 

Speaker
~, ; , .. g f p f .f voice coil

1 r _; depth in images. The speaker voice coil rapidly varies the position

4 f of the mirror, which changes the distance from the viewer's eye to Observer

F the cathode ray tube display as it draws information from different ~„~`~
~

~~

~, i ' ; depths in the data set.

CRT Display
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Such devices have been used primarily for graphics design, in which substantial computer re-

sources are used to model 3D objects, generate rendered surface views, and allow the user to

freely rotate and zoom. With the number of disciplines interested in using 3D computer graphics,

it seems assured that new hardware (and the required corresponding software) will continue to

evolve for this purpose. The economic breakthrough that would impact scientific uses will prob-

ably come when game console manufacturers decide to deliver 3D displays.

These various display tools can be adapted to the display of 3D image data and used at scales rang-

ing from nanometers (electron and ion microscopy) to kilometers (seismic exploration). It is pos-

sible to imagine using other senses than visual to deal with multiband data (e.g., sound which

changes pitch and volume to reveal density and composition as you move a cursor over the dis-

play of a voxel array), but as emphasized in Chapter 1, we are overwhelmingly visual creatures

who expect to get information through images. Existing technologies such as force-feedback gloves

that would allow the user to "reach into" structures and feel or manipulate them, and virtual real-

ity "caves" using lightweight headsets with stereo displays that sense the user's head position and

generate appropriate images that allow one to wander through the microstructure, are still much

too costly for routine use. Because vision is our primary sense, however, it appears likely that

most methods will be primarily visual, and the researcher who is color-blind or cannot see stereo

will remain disadvantaged.

Also, no consensus has been reached on the best input and control devices for complex com-

puter graphics displays. Rotating or shifting the viewpoint in response to horizontal or vertical mo-

tion of the now ubiquitous mouse gives a rather crude control. For moving points, lines, and

planes in 3D, some more flexible device will be required. Simply locating a specific voxel location

in the array can be done in several different ways. One is to use an xy input device (mouse, track-

ball, etc.) for two axes and periodically shift to a different control, which may be a scroll bar on

the screen, to adjust the distance along the third axis. Another is to move two cursors, one on an

x y projection and one on an x-z projection, for example. Such approaches usually feel rather

clumsy because of the need to move back and forth between two areas of the screen and two

modalities of interaction. Appropriate color-coding of the cursor to report depth can help.

Three-axis joysticks and sonic digitizers that allow the user to point in space (multiple sensors tri-

angulate the position) exist but are hardly standard. The dataglove, an instrumented glove or frame-

work that fits on the hand and reports all motion of joints to the computer, has been used to move

molecules around each other to study enzyme action. Supplemented by force feedback, this

method gives the researcher rich information about the ways that molecules can best fit together.

At the other extreme, it is important to remember the history of 3D visualization (Cookson, 1994),

which began with physical models constructed of wood, plastic or plaster. Building such a model

from a series of section planes was very difficult and time-consuming, and still could not reveal all

of the internal detail. Computer modeling has progressed from simple outlines to hidden line re-

moval, surface construction, shading and rendering, and full volumetric or ray-traced methods.

Ray tracing
The example of volumetric display shown above performed a simplified ray tracing to sum the

density values of voxels and calculate a brightness based on light being absorbed as it propagated

from back to front through the 3D data set. Although this model does correspond to some imag-

ing situations, such as the transmission light or electron microscope and tomography, different

rules are appropriate in many other situations.

In the process of traversing a voxel array, following a particular line of sight that will end in one

pixel of aray-traced image, the variables that are available include:
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1. The brightness and perhaps color of the original light source placed behind the array, and
whether it is an extended source (producing parallel rays of light) or a point source (producing
a cone beam of light). This illumination source will control the contribution that transmission
makes to the final image.

2. The location of the first and last voxels with a density above some arbitrary threshold taken to
represent transparency. These voxels will define surfaces that can be rendered using reflected
light. Additional rules for surface reflectivity, the location, brightness, and color of the light
sources, and so forth, must be added.

3. The location of the maximum or minimum values or large gradients, which may define the
location of some internal surface for rendering.

4. The rule for combining voxel values along a path. This may be multiplication of fractional
values, which models simple absorption according to Beer's law for photons provided that the
voxel values are linear absorption values. In some cases density is proportional to attenuation,
so this rule can produce interpretable images. There are other convolution riles available as
well, including linear summation and retention of maximum or minimum values. Although these
may also correspond to some physical situations, their greatest value is that they produce images
which can delineate internal structure.

5• The relationship between the voxel values and the intensity (and perhaps color) of light
originating in each voxel, which represents fluorescence or other emission processes.

The combining rules mentioned briefly in part 4 of the above list correspond to the various image
processing tools described in Chapters 3 and 4 for combining pixels from two or more images.
They include arithr~netic (multiplication, addition), rank ordering (minimum or maximum value),
and Boolean logic. It is also possible to include lateral scattering so that point sources of light
spread or blur as they pass through the voxel array, or even to combine several modes. This ap-
proach to realism through computation is rarely justified because the measured voxel values are not
generally physically related to light transmission or scattering.

A software package for 3D visualization may make any or all of these parameters accessible to the
user, along with others. For example, control of the surface reflectivity and roughness, and the lo-
cation of the incident light source(s), affects the appearance of rendered surfaces. In performing
a convolution of transmitted light along ray paths from a light source behind the voxel array, the
relationship between the voxel values and the absorption of the light is another parameter that of-
fers control. By varying the relationship between voxel value and opacity (linear attenuation co-
efficient), or selectively introducing color, it is possible to make some structures appear or to re-
move them, allowing others to be seen.

j Figure 39 shows an example of this presentation. The data set is the same as used above; the
voxel values come from the MRI measurement technique and approximately correspond to the
amount of water present. Not enough information is given to fully describe the structures actually
present in a human head, so there is no "correct" relationship between voxel value and light ab-

. sorption for the volumetric rendering. Using different, arbitrary curves, it is possible to selectively
'̀ view the outer skin, bone structure, or brain.

Using color permits even more distinctions to be made. Figure 40 shows images of a hog heart re-
constructed using different relationships for opacity vs. voxel value that emphasize the heart mus-
cle or the blood vessels. In this example, each voxel is assumed both to absorb the light from the
source placed behind the voxel array and to contribute its own light along the ray in proportion
to its value and with color taken from an arbitrary table. The result allows structures with differ-
ent measured values to appear in different colors.

' Of course, with only a single value for each voxel it is not possible to model absorption and emis-
sion separately. By performing dual-energy tomography in which the average atomic number and
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Figure 39. Volumetric imaging

of the MRI head data, fi~onz
Figure 12. Varying the

reCationship between voxel
values and the opacity used

to absorb light transmitted

along each ray through the

structure allows selection of

which structures a~~e
revealed.

a

c

b

d

Figure 40. Volumetric renclerzng

of MRI data. Specianen is a

hog heart (data courtesy B.
Knosp, R. Frank, M. Marcus,
R. Weiss, University of Iowa
Image Analysis Facility and

Department of Internal
Medicine). Changing the

arbitrary reCationship between

voxel value and display

opacity for the voxels allows

selectively showing the heart
muscle or blood vessels.

average density are both determined, or multi-energy tomography in which dze concentration of

various elements in each voxel is measured, or by using the T1,T2 relaxation time signals from MRI,

such techniques become possible. They represent straightforward implementation of several of

the multiband and color imaging methods discussed in earlier chapters, but are not yet common

as neither the imaging instrumentation nor the computer routines are yet widely available. It is con-

sequently usually necessary to adopt some arbitrary relationship between the single measured set

of voxel values and the displayed rendering that corresponds to the major voxel property measured

by the original imaging process.

For example, in fluorescence light microscopy, or x-ray images from the SEM, or ion microscopy,

the voxel value is a measure of emitted brightness that is generally proportional to elemental

concentration. These 3D data sets can also be shown volumetrically by a simplified ray tracing.
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Instead of absorbing light from an external light source, the rule is to sum the voxel values as

brightnesses along each path.

.f
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d
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Figure 34 showed an application using the fluorescence confocal light microscope. A dye was in-

jected into the blood vessel of a hamster, which was excited by the incident light from the micro
-

scope. The emitted light was collected to form a series of 2D images at different focal depths, and

these were then arranged in a stack to produce a 3D data set, In this case the spacing 
between the

planes is much greater than the resolution within each image plane. Sliding the image stack
 later-

ally as discussed above produces an approximation of rotation and impression of d
epth. The

brightness values for each voxel are then summed along vertical columns to prodL~
ce each image.

This emission model is very easy to calculate but does not take into account any possib
le absorp-

tion of the emitted light intensity by other voxels along the ray path. Generally, simple 3D da
ta sets

have only one -piece of data per voxel and there is no separate information on density an
d emission

brightness, so no such correction is even possible. Sometimes a simple reduction
 in intensity in

proportion to the total number of voxels traversed (known as a "distance fade") may be used 
to ap-

proximate this absorption effect. Usually, it is assumed that the emission intensity is sufficiently

high and the stricture sufficiently transparent that no such correction is needed, or that it
 would not

change the interpretation of the str~.icture, which is in any case qualitative rather than quantit
ative.

When multiband data are available, as for instance in the SIMS data set used in Figures 25 and 26,

emission riles can be used with the assignment of different colors (at least up to three) to 
differ-

ent signals. Figures 41 and 42 show a volumetric view of these data using emission rules, pre-

sented as a stereo pair. The monochrome figure shows a single element (boron) while in the color

image, multiple elements are combined. The use of color in the images forces the use o
f two

Figure 41: Stereo pair display of emission rule

volumetric images of Boron concentration in

a silicon wafer, imaged by a secondary ion

mass spectrometer.

Figure 42. Stereo pair of

volicmetric images from the

SIMS data set. Colors assigned

to the different elements are

Red =Aluminum, Green =

Boron, and Blue =Oxygen,

with 256 brightness levels of

each. The use of color for

elemental information

precludes color coding of

views for stereo viewing. The

density of information in this

display is so great that ficsing

the images to see the depth is

quite difficult.
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Figure 43. Surface rendered display of the same data as in Figure 42.
The internal surface of the boron-rich region is determined by
arbitrary thresholding, and then rendered using an arbitrarily
placed light source. ..is

side-by-side images for viewing, and the density of information in the images that results from
overlaying the 8-bit (256 grey-level) values from each element at every point makes it quite diffi-
cult to fuse these images for satisfactory stereo viewing.

Using the same data set, it is possible to use the location of the frontmost voxel along each line of
sight whose value is above an arbitrary threshold to define the location of an internal boundary.
If this resulting surface is then rendered as a solid surface with incident reflected light, another rep-
resentation of the data is obtained as shown in Figure 43.

An internal surface can be displayed in several different ways. figure 44 shows several views of
the spiral cochlear structure from the ear of a bat (Keating, 1993). Slices through the 3D voxel ar-
ray do not show that the structure is connected. Thresholding to show all of the voxels within the
structure reveals the topology of the spiral. A series of section images can be shown as either wire
frame outlines, or with the surface rendered. The outlines are more convenient for rotating to view
the structure from different directions.

When color coding of structures, volumetric rending, and selective transparency are combined

with the display of internal surfaces (with shading as discussed in the next section), the results can

be quite striking. Figure 45 shows an example, the brain of a fruit fly (Drosophila melanogaster),

using data recorded with a confocal laser scanning microscope. The 3D reconstruction shows sur-

faces rendered as partially transparent in a transparent medium, to reveal the surfaces of other

structures behind them. Although effective at communicating specific information to the viewer,

these displays require prior decisions and selection and are not so useful for exploring unknown

data sets, as noted previously.

Reflection
Another important imaging modality is reflection. The conventional CSLM, seismic reflection map-

ping, acoustic microscopy, ultrasound imaging, and so forth, acquire a 3D image set whose voxel

values record the reflection of the signal from internal locations. ~'Il re 46 shows the use of ul-

trasound to show the surface of a fetus in utero. In most of these technologies, a voxel array is gen-

erated and used to locate boundaries where strong. reflections occur, within a matrix that may be

otherwise opaque. In the CSLM, the matr~ is transparent (either air or liquid) and the strongest re-

flection at each xy point is where the specimen surface is in focus. This means that recording a

set of images as a 3D data array makes it possible to locate the surface in three dimensions. Most

systems use the processing methods discussed in Chapter 4 to find the brightest value at each

pixel, and thus construct the surface range image.
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Figure 44. Cochlear structure from the
 ear of a bat (Keating 1993):

(a) arbitrary planar slices through the
 voxel array;

(b) array of parallel slices through the array
;

(c) surface revealed by thresholding th
e voxels

(d) outlines delineating the strLccture i
n all voxel planes;

(e) surface reconstructed from the outlin
es in d,•

(~ the same structure as shown in e, r
otated to a differentpoint of view.
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Figure 45. Reconstruction of a fruit f ly brain 
with

transparent surfaces. Data courtesy of K. Rein

(Department of Genetics, University

Wuerzbzcr~, visualization by M. Zoeckler

(ZIB) using the Amira software

(www.amiravis.com).

c

f

One way to generate such a display is to go do
wn columns of the data array (just as in vohim

et-

ric ray tracing), looking for the maximum voxel v
ahie, or the first value to exceed some threshol

d.

Keeping only that value produces an image of t
he entire surface in focus, as was shown in Cha

p-

ter 4. The same methods for rotating or shifting the
 data array to alter the viewing direction can 

be

used; therefore, it is also possible to find the max
ima or surface points along any viewing dir

ec-

tion and display the surface as an animation sequ
ence or to constrict a stereo pair. In principle

,

fitting a curve based on the known depth-of-fiel
d characteristics of the optics to the brightnes

s

values along a vertical column of voxels can locate
 the surface with sub-voxel accuracy. Figure 47
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Figure 46. The face of a 26-week-old fetus, imaged by ultrasound.

2E'~r

µm

o ~

Figure 47. Depth

measurement using the

confocal scanning light

microscope:

(a) extended focus image of

an alumina fracture surface

obtained by keeping the

brightest value from many

focal planes at each pixel

location;

(b) range image obtained by

assigning a grey scale value to

each pixel according to the

focal plane image in which

the brightest (in focus)

reflectance is measured;

(c) elevation profile along the

traverse line shown in figu~•e

b.

shows the alumina fracture (from Chapter 4, Figure 80) both as an ext
ended-focus image and as

a range image (in which peel brightness is proportional to elevation). Seve
ral presentation modes

for range images are available to assist in visualizing the 3D shape of th
e surface. One, shown in

the figure, is simply to plot the brightness profile along any line across the i
mage, which gives the

elevation profile directly.

Figure 48 shows several of the presentation modes for range images (Chap
ter 13 goes into more

detail). The specimen is a microelectronics chip imaged by reflection CSLM, s
o both an extended-

focus image and a range image can be obtained from the series of focal
 plane sections. Froin the

range image data, plotting contour snaps, grid or mesh plots, or rendered di
splays is a straightfor-

ward exercise in computer graphics.

One of the classic ways to show surface elevation is a contour map (Fi
gure 49), in which isoele-

vation lines are drawn, usually at uniform increments of altitude. Thes
e lines are of course

630 The linage Processing Handbook
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Figure 48. Presentation modes for surface
 information from the CSLM (specimen is 

a

~ microelectronics chip):

(a) the in focus image of the surface re
flectance obtained by keeping the brightest value 

at each pixel

address from all of the multiple focal plan
e images;

(b) the elevation or range image produced
 by grey-scale encoding the depth at which th

e brightestpixel

was measured for each pixel address;

(c) contour map of the surface elevatio
n with color coding for the height values;

(d) perspective-corrected rendering of the 
surface with grid lines ctndpseulo-color;

(e) the same image as d with realistic shadin
g,

j (f) the rendering from e from two points of 
view, combined as a stereo pear.

D

s

~s

n

e

~e

i-

e

r-

;,

d

Figure 49. Fragment of a

conventional topographic

map (Phantom Ranch in the

Grand Canyon) showing

isoelevation contour Cines.

b

e

c

1

~~
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Figure S0. Isometric view of elevatio~a

data for the alumina fracture surface

shown in Figure 47. A rapidly

varying color palette is used to reveal

small changes.

continuous and closed. This is the way topographic maps are draw
n, and the same methods are

useful at any scale. The contour map reduces the pixel data from 
the original range image to

boundary representation, so the method for forming the boundar
ies is the same as discussed in

Chapter 5 for segmentation. The lines may be labeled or color-
coded to assist in distinguishing

elevations.

A shortcut way to draw contour lines on a range image is to presen
t the data as a shaded isomet-

ric view, as in Figure 50, which shows the elevation data for the alu
mina fracture surface of Fig-

ure 47. In this image, a 3D representation (without perspective) is 
used to draw a vertical line for

each pixel in the range image to a height proportional to the value. 
The image is also shaded so

that each point has its grey-scale vahie. Replacing the grey-scale valu
es with apseudo-color table

allows coininunication of the elevations in a particularly easy-to-in
terpret way, and in fact many

topographic snaps use similar methods to show elevations.

Constructing a contour map can be either simple or complex. The 
simplest method merely locates

those pixels that have neighbors that are above and below the thres
hold level. As shown in Fig-

ure 51, however, this produces a very coarse approximation. Inte
rpolating between pixel ad-

dresses produces a much better map, as shown in the figure.

Figure 52 shows an example that looks broadly similar to Figure 
51, but represents data at a

very different scale. This is athree-dimensional view of Ishtar Terra on
 Venus. The data come from

the spacecraft Magellan's side-looking mapping radar. This synthet
ic-aperture radar bounces 12.5-

cm-wavelength radar waves off the surface, using the echo time dela
y for range, and the Doppler

shift to collect signals from points ahead of and behind the direct l
ine of sight. The 2D images ob-

tained by processing the signals are similar in appearance to aerial phot
ographs.

Rendering of a surface defined by a range image produces a rea
listic image of surface appear-

ance, as compared to grid or isometric contour snap displays that 
are more abstract and more dif-

ficult for visual interpretation, as shown in Figure 53; however, t
he quantitative interpretation of

the surface data is more readily accessible in the range image. Also, 
it is difficult to select realistic

surface colors and textures to be applied. It is possible to apply b
rightness values to an isometric

display of range data that come from another image of the same a
rea, such as the original ieflec-

tivity or texture information. When multiband images are recorded
, this combination is particularly

effective.
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Figure 52. Reconstructed surface image of Ishta
r Terra on

ijenzes, looking northeast across Lakshmi Panum

toward Maxwell Montes with an exaggerated vertic
al

scale (From Saunders, S. (1991). Eng. Sci. Spring

1991:1 X27. With permission.)
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The surfaces discussed in the preceding section are in 
fact external physical surfaces of the spec-

imen. Internal surfaces may be defined as boundaries
 between distinct regions, or in more subtle

ways. For instance, Figure 54 shows the data from the
 SIMS example used above, in which the

depth of the voxel having the maximum concentration o
f silicon at any location is shown. This sur-

face isolation provides a visualization of the shape of 
the implanted region. The image is shown

as a shaded isometric display, as discussed previously.

Surfaces
Surfaces to be examined may be either physical surfa

ces revealed directly by reflection of light,

electrons or sound waves, or surfaces internal to the sa
mple and revealed only indirectly after the

entire 3D data set has been acquired. The use of compute
r graphics to display them is closely re-

lated to other graphics display modes used in CAD, for exa
mple; however, the typical CAD object

Figure Sl. Surface of a

metal fracture:

(a) range image (grey

scale proportional to

elevation);

(b) shaded grid;

(c) contour map

produced by selecting

pixels with neighbors

above and below each of

five thresholds;

(d) contour map

produced by linear

interpolation.
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Figure 53• misplay modes

for surface

information:

(a) ~ ange image;

(b) grid mesh;

(c) isometric view;

(d) rendered terrain.

b

a

d

c

Figure 5~. Isometric display of elevation data withi
n a volume. The

height of the surface having the maximum concen
tration on Si in

the SIMS voxel as ray.

has only a few numbers to describe it, such as the c
oordinates of vertices. Generating the intei~-

polated surfaces and calculating the local orientatio
n and hence the brightness of the image a

t

many points requires a significant amount of comp
uting.

In contrast, the image data discussed here is typically 
a complete 3D data set, or at least a complet

e

2D range image derived from the 3D set. Consequent
ly, there is elevation data at every pixel lo

-

cation in the display image, which allows foi• an extr
emely rapid image generation. Rendering 

the

surface images shown here took only a few seconds
 on a desktop computer. Doing the same 

for `'`

a typical CAD object would take longer. 
~;°t
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Figure 55. Presentation modes

for the surface elevation

data from an opticaC

interferometer (specimen

~s the machined surface of

nickel):
(a) original image, in which

the grey-scale brightness

encodes height;

(b) a contour map with grey-

scale shading to indicate the

height of lines;
(c) isometric view with

superimposed grey scale

values from image a;

(d) the surface data

rendered as it would appear

with a diffuse material;

(e) the sztrface data rendered

as it would appear with a

specular material.

Some instruments produce range images directly. Large
-scale examples include radar mapping, el-

evation measurement from stereo pair calculations, and 
sonar depth ranging. At a finer scale, a

standard tool for measuring precision machined surface
s is interferometry, which produces im-

ages as shown in Figure 55. The brightness is a direct 
measure of elevation, and the image can be

comprehended more easily with appropriate rendering. N
otice that the lens artefact (the faint ring

stricture at the left side of the image) is not true`elevation
 data and when presented as such looks

quite strange.

e~

Displays of surface images (more formally of range image
s, because real surfaces may be complex

and multivalued, but range images are well behaved and s
ingle valued) can use any of the tech-

niques described above. These include wire mesh or l
ine profile displays, contour maps, and

shaded isometric displays, all described in more detail in
 Chapter 13. These all involve a certain

level of abstraction.

A simple set of line profiles gives an impression of surface ele
vation and requires no computation,

although the need to space the lines apart loses some det
ail. Consequently, it is sometimes used

as a direct display mode on instruments such as the SEM or sc
anning tunneling microscopy (STM).

Unfortunately, the signal that is displayed in this way may n
ot actually be the elevation, and in this

case the pseudo-topographic display can be quite misleading. 
Adding grid or mesh lines in both

directions requires additional computation, but also increases
, the effective spacing and decreases

the lateral resolution of the display.
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Figure S(x La~nbertian rules for light
scattering from surfaces with different
specularity. The vectors are N (surface
normal), L (light source), R
(reflection), and V (viewing
direction). the h factors are the diffuse
and specular reflection coefficients.
The I values are the intensities of the
principal and ambient light sources,
and h is a constant describing the
breadth of the specular reflection,
which depends on the fine-scale
surface roughness.

Shiny Swface (Larv~e r~}

I — k~litE Iamb + IS d~a ~ka~[t~N~L~ 
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Generating an image of a surface that approximates the appearance of a real, physical surface is

known generically as rendering and requires more computational effort. The physical rules that

govern the way real surfaces look are simple and are summarized in Figure 56. The important vari-

ables are the intensity and location of the light source and the location of the viewer. Both are usu-

ally given in terms of the angles between the normal vector of the surface and the vectors to the

source and viewer. The absolute reflectivity of the surface (or albedo) must be known; if this varies

with wavelength we say that the surface is colored because some colors will be reflected more than

others.

Finally, the local roughness of the surface controls the degree of variation in the angle of reflec-

tion. Avery narrow angle for this spread corresponds to a smooth surface that reflects specularly.

A broader angle corresponds to a more diffuse reflection. One of the very common tricks in

graphic arts, which can be seen any evening in television advertising, is the addition of bright

specular reflections to objects to make them appear metallic and hopefully more interesting. l

For a typical surface defined by a few points, as in CAD drawings, the surface is broken into facets,

often triangular, and the orientation of each facet is calculated with respect to the viewer and light

source. The reflected light intensity is then calculated, and the result plotted on the display screen

or other output device to build the image. This would seem to be a rather fast process with only

a small number of facets, but the problem is that such images do not look natural. The large, flat

facets and the abrupt angles between them do not correspond to the continuous surfaces we en-

counter in most real objects.

Shading the brightness values between facets (Gouraud shading) can eliminate these abrupt edges

and improve the appearance of the image, but requires much interpolation. Better smoothing can

be achieved (particularly when there are specular reflections present) by interpolating the angles

between the centers of the facets rather than simply the mean brightness values. The interpolated

angles are used to generate local brightness values, which vary nonlinearly with angle and hen
ce

position. This Phong shading is even snore computer-intensive.

For continuous pixel images, each set of three pixels can be considered to define a triangular fa
cet

as shown schematically in Figure 57• The difference in value (elevation) of the neighboring pix-

els gives the angles of the local surface normal directly. A precalculated lookup table (LUT) of t
he

image brightness values for a given light source location and surface characteristics completes 
the

solution with minimum calculations. This is done at the pixel or voxel level in the display; ther
e-

fore, no interpolation of shading is needed.

When the surface rendering is accomplished in this way using section planes that are relatively

widely spaced, it often produces artefacts in the reconstruction that appear to be grooves p
arallel

to the section direction (Figure 58). The use of relatively large voxels can produce r
endered
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Figure S7. Diagram showing the construction

of ce triang2~lar tesseCc~tion on a sierfc~ce
formed by discrete height values for an array

of'pixels.
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Figure 58. Renclerecl
surface of a fractzerecl
pelvis created from
sequential
tomographic section
images. Note the
appearance of grooves
cencl other surface
artefacts due to the
section plane spacing.

results that have an artificial blocky appearance (Figure 59). Applying image processing operations

beforehand to range image data is often used to improve the resulting surface image. Smoothing

with kernels that calculate a weighted average can produce Phong shading. Applying a median fil-

ter removes noise that would show up as local spikes or holes in the surface. The names of filters

such as the rolling ball operator discussed in Chapter 3 come directly from their use on range im-

ages. This particular operator tests the difference between the minimum value in two neighborhood

regions of different sizes and eliminates points that are too low. The analogy is that depressions

which a ball of defined radius cannot touch as it rolls across the surface are filled in.

Rendering a surface (calculating its brightness according to its orientation relative to the viewer and

light source) using the lookup table approach is fast, provided that the appropriate tables for dif-

ferent light source locations and surface characteristics have been calculated beforehand.

Figure 59. Rendered surface of a spine in which the coarse voxel size

prodzeces c~ blocky appearance.
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The tables are not large and can be stored for a reasona
ble number of cases. The tables permit a

nearly real-time animation of a rendered surface with 
a moving light source, which is another way

to use the dimension of time to reveal 3D spatial informa
tion. Changing the surface characteristics,

from diffuse to specular or from white reflection to co
lored, can be used to show multiband data.

Surface rendering of structures isolated within a voxe
l array can be enhanced by adding stereo

views (Figure 60) and shadows (Figure 61). Rendere
d surface images have the appearance of

real, physical objects and so communicate easily to the 
viewer, although, they obscure much of the

information present in the original 3D image data set f
rom which they have been extracted. More

complex displays, which require real ray tracing, ca
n make surfaces that are partially reflecting

and partially transmitting so that the surface can be com
bined with volumetric information in the

display. This presentation has somewhat the appearan
ce of embedding the solid surface in a par-

tially transparent medium, similar to fruit in Jello. Such
 displays can be dramatic in appearance and

useful for communicating complex 3D information, but
 are too slow to generate and have too

many variable parameters to be used for most exploration
s of complex data sets interactively.

Figure 60. CT slices of arteries in a human

heart, combined and surface rendered,

shown as stereo pair (courtesy of

General Electric Co.).

Figure 61. Stereo view of render°ed dendrites, with

shadows.
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Multiply connected surfaces
Rendering techniques are most needed for complex, multiply connected surfaces, since the topol-

ogy of such surfaces cannot be studied in 2D images. Rendering these more complex surfaces is

also possible but takes a little longer. Figure 62 shows a series of 2D planes in a 3D data set from

an ion microscope. The sample, atwo-phase metal alloy, shows many regions in each image. It is

only in the full 3D data set that the connection between all of the regions is evident. In fact, each

of the two phase regions in this specimen is a single, continuous network intimately intertwined

with the other. This cannot be seen even by using resectioning in various directions (Figure 63).

Vohimetric displays of this data set can show some of the intricacy, especially when the live ani-

mation can be viewed as the rotation is carried out. Figure 64 shows a few orientations of the data

set using ray tracing to produce a volumetric display; viewed rapidly in sequence, these produce the

visual effect of rotation. The complexity of this stn.~cture and the precedence in which features lie

in front and in back of others, however, limits the usefulness of this approach. Isolating the bound-

ary between the two phases allows a rendered surface to be constricted as shown in Figure 65•

With the faceting shown, this display can be drawn quickly enough (a few seconds on a desktop

computer) to be useful as an analysis tool. A complete smoothed rendering (Figure 66) takes longer

(several mirnites on the same computer) or requires access to graphics workstations.

Figure 62. Sequential images
.from an ion microscope,
showing two phase strLcctzcre
in an Fe-45% Cr alloy aged
192 hours at 540°C (courtesy
M. K. Miller, Oak Ridge
National Laboratories, Oak
Ridge, TN).

a b

Figure 63. Section views of the

3D voxeC array formed from
the images in Figure 62:
(a) stored brightness values
along several arbitrary
orthogonal planes;
(b) stored values on a series of
parallel planes with dark voxels
made transparent.
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~ Figure 64. Volumet~~ic displays using ray tracing

~ and absorption ~^ules as the planes front Figure

62 a~~e shifted to p~~oduce the effect of rotatio~a.

Viewing in rapid succession p~~oduces a movie.

~ ~

The rendering of the surface follows the determination of the v
arious surface facets. 'The simplest kind

of facet is a triangle. In the example shown in Figure 65, a se
ries of narrow rectangles or trapezoids

are used to connect together points along each section outline
. For features in which the sections are

similar in shape and size, this faceting is fairly straightforwa
rd. When the shapes change considerably

from section to section, the resulting facets offer a less realis
tic view of the surface shape.
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Figure G5. Simple rendering of the

boundary surface between the two

phases in the specimen, from Figure 62,

by interpolating planar facets between

the planes.

Figure G6. Two high-resolution rendered views of the boundary surface between the 
two phases in the

specimen from Figure 62.

id

ds

.re

ply

The greatest difficulty is dealing with splits and merges in the structure. This
 means that the num-

ber of outlines in one section is greater than in the next, and so the surface m
ust somehow divide.

Figure 67 shows two ways to do this. In one, the junction actually lies in one
 of the planes. It may

either be located manually or by various algorithms, such as dividing the featu
re normal to its mo-

inent axis at a point which gives area ratios equal to those of the two features 
in the next section.

The rendered result is fairly easy to draw because no surface facets intersect,

The second method constricts surface facets from sets of points along the feat
ure boundaries from

the single feature in one section to both of the features in the next section plan
e. This technique

moves the junction into the space between planes, and produces a fairly realistic
 picture, but re-

quires more calculation. The intersecting planes must be drawn with a z-buffe
r, a computer graph-

ics technigLie that records the depth <in the viewing direction) of each image poin
t, and only draws

points on one surface where they lie in front of the other.

The major drawback to this kind of surface rendering from serial section outline
s is that the sur-

faces hide what is behind them, and even with rotation it may not be possible 
to see all parts of

a complex structure. Combining surface rendering with transparency (so that se
lective feat~ires are

shown as opaque and others as partially transparent, letting other structures 
behind become
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Figure 67. Two ways to render

the surface on serial

section outlines where

splits or merges occur.•

(a) dividing one plane into

arbitrary regions which

correspond to each branch;

(b) continuous surfaces, f °om

each branch to the entire next

outline, with intersection

between the planes,

Figure 68. Combining surface rendering with part
ial

transparency to show structures otherwise hidden by

surfaces in front. The spheres which Zie behind the

frontmost surfaces are din2med or shown in a diffe
rent

color. Notice that this is only partial transparency i
n that

the front vertical column is completely opaque to th
e rear

one, and the spheres are dimmed uniformly withou
t

regard to the actual amount of material in front of 
them.

visible) offers a partial solution. Figure 68 sh
ows an example in which one kind of feature 

(the

spheres) has been given the property to sho
w with a reduced brightness through any superi

in-

posed surface. This allows the spheres to be se
en where they lie behind the columns. The dimmi

ng

is not realistic (since the density of the columns 
is not known), however, and other structures 

be-

hind the columns are completely hidden.

In the example shown previously in Figure 65, 
the boundary was determined by thresholding 

in

each of the 2D image planes, since the plane s
pacing was not the same as the in-plane resolu

tion.

A certain amount of interpolation between the p
lanes is required, which makes the curvature 

and

roughness of surfaces different in the depth or
 z direction. For data sets with true cubic voxels, 

as

for example the tomographic reconstructions 
shown in Figure 23 and examples in Chapter 11, 

the

resolution is the same in all directions, and 
greater fidelity can be achieved in the surface 

render-

ing. Figure 69 shows the surface rendered im
age from that data set.

Multiple colors are needed to distinguish the ma
ny features present (about 200 roughly sp

herical

particles) in this structure. This use of pseud
o-color is particularly important to identify 

the

Figure 69. Rendered surface image of spherical

particles from tomographic reconstruction (se
e

Chapter 11, Figure Sl) created by interpolat
ing

surface tiles between the slices shown in Figure 23,

and assigning arbitrary colors to each feature.
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Figure 70. Rendered surface image of a triple braided

textile reconstructed from serial section images. Colors

are assigned to each fiber to make it easier to, follow them

through the braid. A series of shades of each color are

used to indicate surface orientation.

continuity of multiply connected surfaces. Figure 70 shows another example in which the stnictural

organization of the braid is much easier to see when each fiber is assigned a unique color palette.

The braided fibers in Figure 70 emphasize that serial section reconstruction for 3D displays is

certainly not restricted to microscopy and medical applications. The study of ~ovoven textiles and

fibers used in composite materials uses the same methods (Gowayed et al., 1991). Figure 71 uses

color coding to identify the muscles and bones in a common everyday example of serial section-

ing. The images were acquired by visiting the local supermarket and photographing each roast

sliced from a side of beef. After aligning the images and thresholding them to delineate the vari-

ous structures, the stack of slices can be rendered to reveal the 3D structure of the muscles and

bones. Remember, though, that the volume, surface area and length of these structures can be de-

termine much more efficiently by using stereological procedures to draw grids and count hits on

the individual slices as discussed in Chapter 8.

Image processing in 3D
The emphasis so far has been on the display of 3D image data, with little mention of processing.

Most of the same processing tools that were described in the preceding chapters for 2D images can

:::
a

i: ,

b

I :

~tE

Figure 71. Serial sections through a side of beef

(a) one section with features numbered;

(b) stack of slices;
(c) rendered result, showing selected muscles with solid surfaces and several bones with dashed outlines.
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be applied more or less directly to 3D images for the same purposes (Nikolaidis and Pitas, 2001).

Arithmetic operations such as ratios in multiband data are used, for instance, in exactly the same

way. Each voxel value is divided by the value of the voxel at the same location in the second im-

age. This kind of operation does not depend on the images having cubic voxels.

Many processing operations that use neighborhoods (e.g., for kernel multiplication, template

matching, rank operations, etc.), however, do expect cubic voxel arrays. In a few instances, a ker-

nel may be adapted to non-cubic voxels by adjusting the weight values so that the different dis-

tance to the neighbors in the z direction is taken into account. This adjustment only works when

the difference in z distance is small as compared to the xy directions, for instance a factor of 2 or

3 as may be achieved in the confocal light microscope. It will not work well if the image planes

are separated by ten (or more) times the magnitude of the in-plane resolution. And any departure

from cubic voxel shape causes serious problems for ranking or template-matching operations.

In these cases, it is more common to perform the processing on the individual planes and then

form a new 3D image set from the results. Figure 72 shows a series of pseudo-rotation views of

the MRI head images used above. Each slice image has been processed using a Frei and Chen op-

erator to extract edges. These edges show the internal structure as well as the surface wrinkles in

the brain. Furthermore, image processing was used to form a mask to delineate the brain (defined

Figure 72. Several views of the brain f °ona the MRI data set. The skull has beeza eliminated, individual

image planes have been processed with an edge operator, and the resulting values have been used with

emission rules to create a volumetric display. Lateral shifting of the planes produces pseudo-rotation.

Each pair of images can be viewed in stereo, o~~ the entire sequence used as an animation. Structures are

visible f ~om the, folds in the top of the brain to the spinal column at the bottom.
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i
as the central bright feature in each slice) and isolate it from other portions of the image, The re-,

sult is' a series of slice images that show only. the brain, processed to show the internal edges.

Another display trick has been used here. It is not clear just what volumetric display mode is ap-

propriate for such processed images. Instead of the conventional absorption mode, in which trans-

mitted light is passed through the data array, these images use the emission mode, in which each

voxel emits light in proportion to its value. That value is the edgeness of the voxel as defined by

the Frei and Chen operator. In other words, we see the edges glowing in space. In a live anima-

tion, or for those readers who can use pairs of the images to view the 3D data set stereoscopically,

this image creates a fairly strong impression of the 3D structure of the brain. The same type of dis-

play of lines in space can be used to display contours within a 3D data set.

This illustration may serve as an indication of the flexibility with which display rules for 3D images

can be bent. Nontraditional display modes, particularly for processed images, are often quite ef-

fective for showing structural relationships. There are no guidelines here, except for the need to

simplify the image by eliminating extraneous detail to reveal the structure that is important. An ex-

perimental approach is encouraged.

The use of 2D processing of image planes in a 3D data set should be used with some care. It is

only justified if the planes have no preferred orientation and are random with respect to the struc-

ttire, or conversely if the planes have a very definite but known orientation that matches that of the

structure. The latter situation applies to some situations involving coatings. When possible, 3D

processing is preferred, even though it imposes a rather significant computing load. The size of

neighborhoods increases as the cube of dimension. A kernel of modest size, say 7 x 7, may be fast

enough for practical use in 2D, requiring 49 multiplications and additions for every pixel. In 3D,

the same 7 x 7 x 7 kernel requires 343 multiplications and additions per voxel, and of course the

number of total voxels has also increased dramatically so that processing takes much more time.

~~ For complex neighborhood operations such as gradient or edge finding in which more than one

kernel is used, the problem is increased further because the number of kernels must increase to

deal with the higher dimensionality of the data. For instance, the 3D version of the Sobel gradient

operator would use the square root of the sum of squares of derivatives in three directions. And

since it takes two angles to define a direction in three dimensions, an image of gradient orienta-

tion would require two arrays, and it is not clear how it would be used.

The Frei and Chen operator (Frei and Chen, 1977), a very useful edge detector in 2D images in-

troduced in Chapter 4, can be extended to three dimensions by adding to the size and number of

the basis functions. For instance, the first basis function (which measures the gradient in one di-

rection and corresponds to the presence of a boundary) becomes

—~/3 —~/2 —~/3

—~/2 —1 —~/2 0 0 0

—~ 3/3 —~~2 —~/3 0 0 0 +~/3 +~/3 +~/3

0 0 0 +~/2 +1 +~/2

+~ / 3 +-~2 / 2 +~ / 3

It should be noted that in three dimensions, it is possible to construct a set of basis functions to
search for lines as well as surfaces. It remains to find good ways to display the boundaries which
these operators find.

Three-dimensional processing can be used in many ways to enhance the visibility of structures. In
~ Figure 42, the boron concentration was shown volumetrically using emission rules, although, the

overlap between front and rear portions of the structure makes it difficult to see all of the details.

i
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The surface rendering in Figure 43 is e
ven worse in this regard. Figure 73 sh

ows the same struc-

tures after 3D processing. Each voxel 
in the new image has a value that is pr

oportional to the vari-

ance of voxels in a 3 x 3 x 3 neighbor
hood in the original image set. These v

alues are displayed

volumetrically as a transmission image
. In other words, the absorption of 

light coming through

the 3D array is a measure of the prese
nce of edges; uniform regions appear t

ransparent. The vis-

ibility of internal surfaces in this "cel
lophane" display is much better than in

 the original, and the

surfaces do not obscure information 
behind them, as they would with render

ing.

The time requirements for neighborho
od operations are even worse for rank

ing operations. The

time required to rank a list of values in
 order increases not in proportion to 

the nunnber of entries,

as in the kernel multiplication case, b
ut as N • log(1~. This assumes a maxim

ally efficient sorting

algorithm and means that ranking oper
ations in really large neighborhoods 

take quite a long time.

For template-matching operations suc
h as those used in innplementing er

osion, dilation, skele-

tonization, and so forth, the situation i
s worse still. The very efficient metho

ds possible in 2D by

using a lookup or fate table based on 
the pattern of neighbors will no long

er work. In 2D, there

are eight neighbors so a table with 28=2
56 entries can cover all possibilities. In 

3D, there are 26 ad-

jacent neighbors and 226 = 67 million 
patterns. Consequently, either fewer ne

ighboring voxels can

be considered in determining the res
ult (e.g., just the siY face-touching neig

hbors), or a different

algorithm must be used.

,.. .

e

Figure 73• ijolumetric display of Boron con
centration from SIMS

image data set. The series of images shows 
pseudo-rotation by

shifting of planes, using the local 3D vari
ance in pixel values to

locate edges. The magnitude of the varianc
e is used as an effective

density value to absorb light along rays th
rough the voxel array.

r

,#+~AMk+s~k
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All of the morphological operations (erosion, dilation, etc.) have direct generalizations in three di-

mensions (Gratin and Meyer, 1992). Normally, for practical reasons, cubic voxels are used. This

means that consideration must be given to the difference between face-, edge- and corner-touching

neighbors. In principle, the more symmetrical arrangements of voxels mentioned previously would

allow simpler erosion dilation rules and more uniform processing, but these are rarely used. Just as

in two dimensions it is necessary to distinguish between 4-connectedness (touching pixels share an

edge) and 8-connectedness (touching pixels share a corner), in three dimensions 6-, 18-, and 26-con-

nectedness possibilities exist for voxels (sharing a face, edge, or corner, respectively). For practical

reasons, many methods use 6-connectedness as the simplest definition.

This has particular impact on thresholding and feature enumeration. In many 3D data arrays,

thresholding based on voxel value is a simple and effective method. But in complex structures

methods based on region growing are widely used, in which the user identifies a seed pixel and

then all connected voxels having values within some tolerance band are selected. Another ap-

proach to segmentation of features uses a 3D extension ("balloons") of the active contours

("snakes") used in two dimensions (Kaes et al., 1987; Cohen, 1991).

The 3D analog of a Euclidean distance map can be constricted by a direct extension of the 2D

method, and has the same advantages both for improving isotropy and for distance measurement

from surfaces or boundaries (Borgefors, 1996). Watershed segmentation in three dimensions, how-

ever, has only rarely proved satisfactory.

Skeletonization in 3D analogous to that in 2D would remove voxels from a binary image if they

touched a background or "OFF" voxel, unless the touching "ON" voxels did not all touch each

other (Borgefors et al., 1999; Halford and Preston, 1984; Lobregt et al., 1980). If touching is con-

sidered to include the corner-to-corner diagonal neighbors as well as edge-to-edge touching and

face-to-face touching, then a minimum skeleton can be constructed; however, if a table for the 26

possible touching neighbors cannot be used, then it is necessary to acttially count the touching

voxels for each neighbor, which is much slower.

It should be noted that skeletonization in 3D is entirely different from performing a series of skele-

tonizations in the 2D image planes and combining or connecting them. In 3D, the skeleton be-

comes aseries of linear links and branches that correctly depict the topology of the structure. If the

operation is performed in 2D image planes, the skeletons in each plane form a series ~of sheetlike

surfaces that twist through the 3D object and have a different topological relationship to the stnic-

ture. The skeleton of linear links and branches in 3D has been formed by connecting the ultimate

eroded points (UEPs) in each section. A different skeleton can be constructed by joining the branch

points in the 2D sections.

Measurements on 3D images
As discussed in Chapters 8 and 9, it is clear that one of the reasons to collect and process images

is to obtain quantitative data from them. This is true for 3D imaging as well as 2D, and conse-

quently some additional comments about the kinds of measurements that can be performed, their

practicality and the accuracy of the results appear appropriate.

Measurements are broadly classified into two categories: feature-specific and global or scene-based.

The best known global measurement is the volume fraction of a selected phase or region. As-

suming that the phase can be selected by thresholding (perhaps with processing as discussed in

Chapter 3), then the volume fraction could be estimated simply by counting the voxels in the

phase and dividing by the total number of voxels in the array or in some other separately defined

reference volume. The result is independent of whether the voxels are cubic. In fact, the same
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result can be obtained by counting pu~els on im
age planes and does not depend in any way on the

arrangement of the planes into a 3D array.

A second global parameter is the surface area 
per unit volume of a selected boundary. There are

stereological rules for deternnining this valu
e from measurements on 2D images, as presented in

Chapter 8. One method counts the number o
f crossings that random lines (for a random structure

,

the scan lines can be used) make with the bo
undary. Another method measures the length of the

boundary in the 2D image. Each of these valu
es can be used to calculate the 3D surface area.

It might seem that directly measuring the are
a in the 3D data set would be a superior method th

at

does not require so many assumptions. In pr
actice, it is not clear that this is so. First, the resol

u-

tion of the boundary, particularly if it is irre
gular and rough, depends critically on the size of pix

-

els or voxels. The practical limitation on the 
number of voxels that can be dealt with in 3D arra

ys

may force the individual voxels to be larger th
an desired. It was pointed out before that a 1024

 x

1024 image in 2D requires 1 megabyte of sto
rage, while the same storage space can hold onl

y a

128 x 128 x 64 3D array.

The use of smaller pixels to better define the 
boundary is not the only advantage of performi

ng

measurements in 2D. The summation of bou
ndary area in a 3D array, must add up the areas o

f tri-

angles defined by each set of three voxels alo
ng the boundary. A table can be constructed g

iving

the area of the triangle in terms of the pos
ition differences of the voxels, but the summat

ion

process must be assured of finding all of the
 parts of the boundary. No unique path can b

e fol-

lowed along a convoluted or multiply-connec
ted surface that guarantees finding all of the p

arts.

For other global properties, such as the lengt
h of linear features or the curvature of bound

aries,

similar considerations apply. The power of 
unbiased 2D stereological tools for measuring 

global

metric parameters is such that the efficiency and
 precision of measurement makes them pref

erred

in most cases.

Feature-specific measurements include measu
res of size, shape, position, and density. Examp

les of

size measures are volume, surface area, len
gth (maximum dimension), and so forth. In 

three di-

mensions, these parameters can be determi
ned by direct counting. The same difficulties 

for fol-

lowing aboundary in 3D mentioned previou
sly still apply. But in 2D images the measure

ments of

features must be converted to 3D sizes using 
relationships from geometric probability. The

se cal-

culations are based on shape assumptions 
and are mathematically ill-conditioned. This me

ans that

a small error in measurements or assumptions
 is magnified in the calculated size distributi

on.

Simple shapes, such as spheres, produce 
good results. Figure 74 shows the result for t

he tomo-

graphic image of spherical particles shown 
in Figure 65. The measurement on 2D plane

 slices

gives circle areas that must be unfolded to g
et a distribution of spheres as discussed in 

Chapter 8.

The result shows some small errors in the dis
tribution, including negative counts for some si

zes that

are physically impossible, but the total numb
er and mean size are in good agreement with 

the re-

sults from direct 3D measurement and req
uire much less effort.

When feature shapes are more complicated or
 variable, 2D methods simply do not work. If 

infor-

mation on the distribution of shapes and sizes
 is needed, then measurement in 3D, even 

with the

problem of limited resolution, is the only a
vailable technique.

Position of features in 3D is not difficult to 
determine. Counting pixels and summing mo

ments in

three directions provides the location of the 
centroid and the orientation of the moment 

axes.

Likewise, feature density can be calculated by 
straightforward summation. These properties 

can be

determined accurately even if the voxels are 
not cubic and are affected only slightly by a

 reduc-

tion in voxel resolution.
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Figure 74. Comparison of 2D and 3D measurement of size of sp
herical particles in structure

shown in Figure 69:
(a) size distribution of circles in 2D plane sections;

(b) estimated size distribution of spheres by unfolding the circle data in figure a (no
te negative values);

(c) directly measured size distribution of spheres from 3D voxel array.

Shape is a difficult concept even in two dimensions. The most com
mon shape parameters are for-

mally dimensionless ratios of size, such as (vohime) 1~3 /(surface area) 1
~a or length/breadth (length

is easy to define as the longest dimension, but just as for the 2D case
, the proper definition and

measurement procedure for breadth is not so obvious). The selection
 of a parameter which has

meaning in any particular situation is very ad hoc, either based on 
the researcher's intuition or on

trial-and-error and statistical regression. In 3D, the values may be less pr
ecise because of the poorer

voxel resolution, but the accuracy may be better because the size param
eters used are less biased.

It may also be important to the user's intuition to consider 3D shape f
actors, which are less unfa-

miliar than 2D ones.

The other approaches to shape in 2D are harmonic analysis (which un
rolls the feature boundary

and performs a Fourier analysis on the resulting plot), and fractal dimens
ion determination; both

were discussed in Chapter 9. These parameters can be determined r
ather efficiently in two di-

mensions, but only with great difficulty in three dimensions. The 2D resul
ts are related stereolog-

ically to 3D structure, so it is preferable to perform these measurements 
on the individual 2D im-

age planes.

Closely related to shape is the idea of topology. This is anon-metric descr
iption of the basic geo-

metrical properties of the object or structure. Topological properties includ
e the numbers of loops,

nodes and branches (Aigeltinger et al., 1972). The connectivity per unit vohim
e of a network stnic-

ture is a topological property that is directly related to such physical properti
es as permeability. It

is not possible to determine topological properties of 3D structures from
 single 2D images (al-

though minimal 3D probes such as the Bisector can provide unbiased es
timates). These can be

measured directly on the 3D data set, perhaps after skeletonization to simplify 
the str~.icture (Russ

and Russ, 1989). Another example, a reconstruction showing the topology o
f an overhand knot,

was shown in Chapter 8.

Conclusion
There is little doubt that 3D imaging will continue to increase in capability and 

popularity. It of-

fers direct visualization and measurement of complex structures and 3D relation
ships, which can-

not be as satisfactorily studied using 2D imaging. Most of the kinds of imaging modali
ties that pro-

duce 3D images, especially tomographic reconstruction and optical sectioning,
 are well understood,

although the hardware will benefit from further development (as will the compu
ters and software).

Current display methods are barely adequate to the task of communicating 
the richness of 3D im-

age data sets to the user. New display algorithms and interface control devices wil
l surely emerge,
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driven not only by the field of image proce
ssing but also by other related fields such as visual

iza-

tion of supercomputer data and interactive 
computer games. The continued increase in compu

ter

power and memory is certain. Watching an
d using these developments offers an excitin

g prospect

for the future.
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Imaging Surfaces

n many different disciplines, surfaces are more important than bulk structures. Mechanical in-

teraction between parts involves friction and wear between surfaces, many chemical interactions

take place on surfaces (including catalysis) and most modern electronic devices consist of thin

layers of materials laid down in intricate patterns on the surface of substrates. The appearance of

objects is dominated by their surface characteristics, textures, and coatings. In all these cases and

many more, scientists and engineers need to characterize surfaces and the ways in which fabrica-

tion and use modify them. Imaging plays important roles in obtaining the information as well as

presenting it for human visualization and analysis.

Producing surfaces
Surfaces are produced in a wide variety of processes, some tightly controlled and some quite chaotic.

One of the oldest techniques by which mankind has produced intentional surfaces is by removal of

material, for instance creating a stat~.ie or a stone tool by removing chips from a larger block of stone.

Modern -fabrication of parts typically involves machining, grinding, and polishing to remove mater-

ial and to create a surface with specific macroscopic dimensions and also microscopic roughness.

Machining is a process in which a cutting tool removes chips from the material as it is moved rela-

tive to the workpiece. The shape of the tool's cutting tip or edge, its speed and the.depth of cut, con-

trol the dynamics of chip formation which can be either ductile (long, continuous chips) or brittle

(short, broken ones). The surface typically displays long grooves in one direction whose shape is de-

termined in large part by the shape of the tool. Grinding is a process in which many small cutting

points, typically facets of hard particles cemented together into a wheel, simultaneously remove ma-

terial from a surface. Polishing results when many loose hard particles slide and roll between two sur-

faces, removing material as the surfaces move relative to one another. Impact erosion (such as sand-

blasting) uses particles to produce small craters on the surface. Each of these processes involve both

plastic deformation and fracture, and have many variables such as applied forces, the presence of liq-

uids, etc., which dramatically modify the appearance and performance of the resulting surface (as
well as the tools or particles doing the work). A wide variety of other methods are used, ranging from
fracture to electrical spark discharges, plastic deformation of surfaces by rolling, forging or extni-

sion, chemical etching, and so on, which modern technology employs to produce surfaces of parts
by the removal or rearrangement of material. Figure 1 shows a few different surfaces,
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Figure 1. Range images of metal surfac
es (each shows 1 square m~ll~meter wit

h grey scale

proportional to elevation):

(a) machined (flycut) surface of alumin
um;

(b) ground surface of stainless steel;

(c) vapor polished surface of aluminum;

(d) shot-blasted surface of brass. Images 
courtesy Rank Taylor Hobson Ltd., obtained w

ith a scanning

probe instrument with 57~m radius diamo
nd stylus.

Other methods can build up surfaces b
y deposition. Again, this may be phys

ical or chemical, Liq-

uids solidify to leave solid coatings, 
sometimes accompanied by polymerizat

ion or formation of

crystalline structures. Liquids xnay solid
ify in a mold which controls some of t

he surface morphol-

ogy, while in some cases other forces su
ch as viscosity and surface tension are

 more important than

the actual mold surface. Freezing of 
liquids or gases onto a substrate may

 produce either very

smooth or extremely rough surfaces d
epending on how the particles and mole

cules can move on

the surface (Figure 2). Electroplating t
ypically produces quite smooth surfa

ces by deposition of
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Figure 2. Photograph of a glaze covering a ceramic pot.

7~e glaze flows down the surface in a molten state

and solidifies to an amorphous glass antler the forces

of surface tension. Subsequently, the atoms rearrange

themselves to form crystals which nucleate and grow

in the glaze, producing visually interesting patterns

and also modifying the surface geometry.

atoms from chemical solution, while ballistic deposition and aggregation of particles may generate

ones with porous fractal surfaces. Some deposited layers are then subjected to selective remova
l,

either by chemical or physical processes. This is the process by which complex multilayer elec-

tronic chips and a coming proliferation of micromechanical devices are fabricated.

Another concern about surfaces is their cleanliness. The presence of particulates, either lying

loosely on the surface or attached by electrostatic or chemical forces, can disrupt the deposition of

the carefully controlled layers used in microelectronics, so elaborate clean rooms and handling

methods are required. Surface defects such as pits and scratches are also of concern. Chemical

modification of surfaces is called contamination, oxidation, or corrosion depending on the cir-

cumstances. This is strongly controlled by the environment. Sometimes such processes may be

carried out intentionally to protect the original surface from other environmental effects (for in-

stance, ahiminum is anodized to produce a thin oxide layer that provides a chemically inert, me-

chanically hard surface resistant to filrther contamination in use). Electrical and optical properties

of surfaces can be modified greatly by extremely thin contamination layers.

In all these cases, there is a great need to characterize the surfaces so that the topography of the

surface, and perhaps other properties such as chemical composition or electrical parameters, can

be determined. Some of the surface characterization data are obtained directly by imaging meth-

ods. Even when the data are obtained in other ways, visualizing the surfaces is an imaging tech-

nique, relying on the human interpretation of the images to detect important information about the

surfaces. Measurement follows to reduce the image data to a few selected numbers that can be

used for process control, and to correlate the structure of the surfaces with their fabrication history

on the one hand and with their performance and behavior on the other.

Devices that image surfaces by physical contact
Most of the measurement methods used to characterize surfaces are based on either some kind of

microscope that provides magnified images of the surface, or scattering of radiation or particles

from the surface. The methods may provide measurement of either composition or geometry, in-

cluding the thickness of thin layers. Many different kinds of microscopes (and some tools that may
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not be conventionally thought of or named as microscopes) are used to s
tudy surfaces (Castle and

Zhdan, 1997; Van Helleputte et al., 1995; Russell and Batchelor, 200
1). Many of these require no

surface preparation, or at most minimal cleaning; a few such as th
e scanning electron microscope

(SEM) may require applying conductive coatings to electrical insulato
rs. The comnnon methods

use visible light, electrons, ions, physical contact, electron tunneling
, sound waves, and other sig-

nals to produce images that sometimes can be directly related to the s
urface geometry and in other ~

cases are primarily influenced by the surface slope, composition,
 coating thickness, or mi-

crostructure. The most immediately useful imaging methods are tho
se where the output consists of

"range" values in which the elevation of the surface is directly repr
esented in the values often '

shown as either profile traces or grey scale images. Although most of t
he examples shown here will

be ones in which the grey scale directly encodes elevation, it should 
be understood that a similar ~

display of chemical information or elemental concentration can be deal
t with using the identical _:

measurement and visualization tools.

One method that covers some of the newest devices, such as the atomic
 force microscope (AFM),

and quite old and well-established methods used in industrial manufa
cturing, such as profilome-

ters, is the use of a mechanical stylus that is dragged across the surfac
e. Motion of the stylus is am= - f

plified to record the elevation of the surface point by point. If a ful
l raster scan is used, this pra t

duces an array of elevation data that can be displayed as an image, a
s shown by the examples in ~ ti

Figure 1. If the mass of the moving parts of the stylus assembly is ke
pt as low as possible, forces

of a few milligrams can keep the stylus in contact with the surface (a
t least for surfaces that have

slopes up to about 45°) at quite high scanning rates. The images in 
Figure 1 were obtained in

about 50 seconds each, as an array of 500 x 500 points covering a 1-
mm square area.

Stylus instruments used in industry typically use diamond-tipped styl
i with a tip radius of about 1µ,

which defines the lateral resolution that the instruments can provide
. Vertical motion may be

sensed using inductive, capacitance or interference gauges, which ar
e capable of sub-nanometer

sensitivity. With suitable calibration, which is typically provided by sc
anning over known artefacts,

these methods are routinely used to quantitatively measure surface e
levations in many industrial

settings to measure surface finish, the thickness of layers, etc. These 
instruments have primarily

been used with metal and ceramic parts, but are also capable of measu
ring a wide variety of softer F

and more fragile materials as shown in Figure 3.

The AFM also uses a stylus but a much smaller one (Quate, 1994; Binnig et al
., 1986; Wickramas-

inghe, 1991). The scanning tunneling microscope (STM) stimulated a
 range of new microscopies

which use essentially the same scanning and similar feedback principle
s to obtain nanometer res-

olution images. The AFM was introduced in 1986 as a new instr
ument for examining the surface

of insulating crystals, and it was clear from the beginning that it would
 be capable of resolving sin-

gle atoms, although unambiguous evidence for atomic resolution did
 not appear until 1993. The

AFM has evolved into a flexible instrument that provides new insight
s in the fields of surface sci-

ence, electrochemistry, biology and physics, and new adaptations of
 the technology continue.

By etching silicon or silicon nitride to a sharp point, or by deposit
ing carbon in such a way that it

grows into a long thin spike, a stylus can be fabricated with a tip radi
us of a few nanometers (Fig-

ure 4), This allows much greater lateral resolution than profilomete
r styli. But such tips are ex-

tremely fragile and easily deformed, so a variety of techniques have 
been devised to utilize them

to probe a surface. Typically, the tip is used as a reference point and 
the surface is translated in the

z (elevation) direction to contact it. The tip is attached to or a part of
 a cantilever arm whose de-

flection is monitored by deflection of a light beam on the rear face o
r sometimes by interference

measurement, and vertical sensitivity below one nanometer is easily 
obtained. Either the sample or

the stylus can be translated in an X, Y raster pattern to cover the entire 
surface to create a complete

image. The translation is typically accomplished with piezoelectric devic
es, which limits the total

range of motion.
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i Figure 4. Scanning electron

microscope image of an

ultrafcne tip used for high-

resolution atomic force

microscopy (image courtesy

Topometrix Corp.).

The traditional and still most common mode of operation plac
es the tip in sliding contact with the

surface. In order to reduce the lateral and shear forces on the
 stylus and the surface, the stylus may

be rapidly raised and lowered ("tapping mode"), or the 
lateral forces may be measured by the

twisting of the stylus to determine the elastic modulus of 
the surface material, or the friction be-

tween the stylus and surface. Additional modes can be used
 in which physical contact is not ac-

tually required. For example, the stylus can track the surface
 without touching it with somewhat

'~ lower resolution by using attractive Van der Waals forces. 
In addition, some systems use strategies

such as heating the tip and measuring the heat loss when 
it is close to the surface, vibrating it and

~ measuring a change in characteristic frequency when it is 
close to the surface, or using it as a

i
guide for light photons that interact with the surface and det

ect its presence without contact. The

electric or magnetic force gradient and distribution above 
the sample surface can be measured

a .__ ~. 
_,mow I~~~~

Figure 3. Range images obtained with c~ scanned stylus 
instrument: (a) paper; (b) microelectronic

chip.
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using amplitude, phase or frequency shifts, while scanning capacitance microscopy measures car-

rier (dopant) concentration profiles on semiconductor surfaces. The original operational mode,

which won a Nobel prize for its development, was scanning tunneling microscopy (STM), which

measures the surface electronic states in semiconducting materials. The variety of operational

modes of the scanned probe microscope seems nearly unlimited as manufacturers and users ex-

periment with them, but many of these techniques are applicable only to a particular set of mate
-

rials and surface types. The same technology has been used to modify surfaces, either by pushin
g

individual atoms around or by writing patterns into masks used for lithographic manufacture o
f mi-

croelectronic and micromechanical devices.

One of the problems faced by AFMs is the difficulty in making quantitative dimensional measure
-

ments. Most designs use open-loop piezoelectric ceramic devices for scanning, which suffer
 from

hysteresis and non-linearity. Software correction, no matter how elegant, can only go so fa
r in cor-

recting the resulting image distortions and measurement errors due to its inability to adapt to 
the

topography of each individual sample. This particularly affects the use of the AFM in the in
etrol-

ogy-intensive semiconductor industry. A few recent designs use a much more expensive appr
oach

which employs a separate measurement device in each axis to provide aclosed-loop measurem
ent

of the piezo scanner's movement. Using either interference or capacitance gauges, these 
permit ac-

curate measurements to be made on small structures such as microelectronic and micromec
hani-

cal devices, magnetic storage devices, and structures such as the compact disk stamper
 shown in

Figure 5.

The AFM is limited in the area that it can scan and the speed with which it can do so, a
nd in the

relief of the specimen which can be present without interfering with the cantilever arm. S
pecial de-

signs which attempt to alleviate one or more of these limitations are required for specific 
applica-

tions, as is true for all surface measurement approaches. But it is useful to have an overview 
of the

general range of capabilities of the different techniques. Figure 6 shows of graph (a Ste
dman dia-

gram named after Margaret Stedman of the British National Physical Laboratories) that plot
s the

range of lateral and vertical distances which can be accommodated by various surface 
measurement

techniques. Notice that the minimum vertical dimensions detected by several methods is 
about the

same, but the AFM has much better lateral resohition and the stylus instruments have a mu
ch larger

range. Some of the other techniques plotted on the diagram will be discussed later in this 
chapter,

but none of them offers a perfect combination of range and resolution in both vertical a
nd lateral

directions along with quantitative accuracy and an ability to deal with most kinds of surfa
ces.

~e
hem

Z.6

8

,5~
nm

0
t.6 /tm

Figure S..AFM image of a defect on a CD stamper (image courtesy Topomet
rix Corp.). The presentation

modes are discussed in the text.
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Figure 6. Comparison of the typical range and

resolzation of several surface imaging

technologies.

3

Q i
Jab
ti
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r ~

scanning stylus Insc~nmenc

Noncontacting measurements
Stylus instruments are limited in speed by t

he need to move a probe with finite mass acros
s the

specimen one line at a time. They also touch
 the surface which raises concerns about sp

ecimen

damage. Indeed, AFMs have been used to cr
eate surface topography as well as to image it, an

d in-

dustrial stylus instruments are often accused of
 leaving surface markings where they have be

en

used on soft metal surfaces. For some surfaces
, the best solution is to make a replica that ca

n be

scanned. Plastic replicas can preserve fine de
tail as shown in Figure 7, and remove concern 

about

damage to the original specimen.

It would appear that using light as a probe wo
uld make it possible to overcome concerns a

bout

speed or damage. Unfortunately, it also raises oth
ers. The principle drawback is that the light do

es

not interact with the same surface that the tip f
eels, so that the measured elevation does not a

gree

with that from the stylus methods (~~ich are a
ccepted according to various international st

an-

dards for surface measurement). In rFi~,ny materi
als the light waves penetrate to a small distan

ce

{:

;̀, -.k ;

:',a~

~:-.~
>>~ .~~
r>=•
~ >;~~ ~

Figure 7. Scanned stylus image of a plastic

replica of human skin:

(a) grey-scale representation of the elevation

data;
(b) photoreadistic visualization of the surface.
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beneath the surface as they are reflected, a
nd this surface impedance depends upon t

he dielectric

properties of the material (which may be m
odified near the surface by contamination or

 oxidation

layers). Very fine scale structure can also p
roduce speckle and interference effects that a

lter the re-

turned light in ways that mimic quite diffe
rent surface structures and give incorrect result

s. Also,

the presence of contaminant or oxidation fil
ms or local surface tilt angles of more than 

a few de-

grees can reduce the amount of light scatte
red back to the detector so that some points o

n the sur-

face are not measured at all.

Light can be used to probe surfaces in a w
ide variety of ways. One choice is to use a be

am of light

focused to a point that is then scanned o
ver the sample in the same way that a stylus

 would be,

while other instruments image light from the
 entire area of interest at once. Point probes 

may use

confocal optics to detect the distance to the 
specimen (also called focus detection), which

 also re-

quires vertical scanning of either the samp
le or the optics. This can be done for each po

int, which

is slow because of the need to move a fini
te mass, or the scan can be performed over 

the entire

area for each Z setting as in most confocal l
ight microscopes. In this method, the light i

ntensity at

each location is stored for each Z setting 
and then the peak intensity value (which ma

y be inter-

polated between settings) is used to determ
ine the surface elevation at that location. It

 is also pos-

sible to construct an optical point probe th
at uses a lens with large chromatic aberrations

, and to

detect the wavelength of light that is most
 strongly reflected. Because the lensbrings 

each wave-

length to focus at a different working dist
ance, this provides a measure of the surfac

e elevation.

Other optical techniques such as triangula
tion are very sensitive to the local surface

 slope and

have relatively poor lateral resolution.

The method which provides the greatest 
resolution over the greatest range is inter

ference, and

this can be done with either a point probe o
r for the entire surface, and with either mo

nochromatic

(usually laser) light or with white light. The
 classic Michelson—Morley interferometer us

es mirrors

to send light along two pathways, and th
en recombines them to produce interferen

ce patterns

that show fringes corresponding to differ
ences in dimensions that can be much smalle

r than the

wavelength of the light. When one leg of t
he interferometer reflects light fronn the sam

ple surface,

these fringes can be used to directly measu
re surface elevations. The lateral resolution 

is only as

good as the light microscope used to col
lect the reflected light, or about 1 }gym, but th

e depth res-

olution can be 1 nm or better. For samples
 that do not reflect light well or that have st

eep cliffs or

deep pits, however, there may not be eno
ugh light reflected, or the spacing of the frin

ges may be

too close together, to provide results.

When monochromatic light is used it is possi
ble to interpolate the elevation of a point t

o about 1

nm, about 1/1000th the wavelength of lig
ht; however, the fringes must be far enough

 apart (the

surface elevation must vary gradually) that
 it is possible to keep track of the changes 

in elevation

because the interference pattern repeats 
with every multiple of the light wavelength. 

Many inod-

ern systems use more than one waveleng
th of light or white light instead. This pro

duces con-

structive interference only at one focal de
pth, where the path lengths are equal a

nd all of the

wavelengths are in phase. When a surface 
is being imaged, this means that only point

s along one

iso-elevation contour are bright. Varying 
the distance between the specimen and the 

optics allows

scanning in Z to determine the elevation o
f points over the entire image. This takes 

longer than a

simple monochromatic interference patt
ern and is limited in precision of elevation 

values to the

performance of the scanning hardware bu
t can handle surfaces with much more relief 

and steeper

slopes.

Indirect interference techniques such as pr
ojection of grids to produce moire patterns, 

also produce

two-dimensional arrays of elevation data. 
Imagine light streaming through venetian 

blinds onto

the floor of a room. If the floor is flat, the s
trips of light will be straight when viewed f

rom above.

If there are irregularities, they show up di
rectly as deviations in the lines of light 

and shadow.

When it is scaled down to the dimensions of
 interest on surfaces or, at least, to distances

 of a "few
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micrometers, which is the resolution of the li
ght optics used to view the stripes, this same s

truc-

tured light method is easily used to measure s
urface geometry. Image processing can be used

 to

detect the edges of the shadows, interpolati
ng along each scan line to accuracies much b

etter than

the pixel spacing. Depending on the geo
metry this can produce vertical measurement

 accuracy

similar to the lateral resolution of the opti
cs (typically about 1 }gym), but, of course, for o

nly a few

locations across the sample surface unles
s the line pattern is scanned. Toolmakers' m

icroscopes

and quality control examination of planed
 surfaces of lumber (among other applications

) use the

same basic method,

In a modern nnodification of the techniqu
e, mirrors or prisms are used to deflect a bea

m of laser

light in patterns across the work piece to 
produce the same type of image. This has the 

advantage

of being able to measure in various orienta
tions and directions. Closely related to the id

ea of struc-

tured light is shadowing of surfaces with ev
aporated or deposited metal or carbon coatin

gs, fol-

lowed by measurement of the shadows cast by 
features and irregularities on the surface. If the

 im-

age of the grid pattern in the incident light pa
sses through another similar grid, it produces a

 moire

pattern, with dark lines that can be used to 
reveal the shape of the object. This technique is

 par-

ticularly useful for revealing local strains and de
viations of surfaces from ideal geometric forms

. Be-

cause it is fast and noncontacting, this method
 is often used in medical applications, rangin

g from

orthopedic work on curvature of the spin
e to measuring the curvature of the lens of th

e eye be-

fore and after corrective surgery.

Microscopy of surfaces
Most forms of microscopy produce images in w

hich intensity is related to the reflection of ligh
t (or

some other signal) from the surface. This is 
only indirectly related to the surface geometry,

 and in-

cludes other information such as composition.
 Despite the difficulties in interpretation, this

 is still

the most widespread procedure for surface 
examination,

The standard light microscope at moderate
ly high magnification has a comparatively s

hallow

depth of field. This creates many problems for
 examining surfaces. If the surface is not ext

remely

flat and perpendicular to the optical axis (for 
example, a metallographically polished speci

men),

it cannot all be focused at the same time. On
ly low-magnification light microscopes can be

 used

to examine rough surfaces (e.g., for fractog
raphy), and do not give much information abo

ut sur-

face geometry. The pattern of light scattered b
y rough surfaces under diffuse lighting can be

 used

to determine the roughness. It has been show
n (Russ, 1994; Pentland, 1984) that a surface 

with

fractal geometry will scatter diffuse light to pr
oduce a fractal pattern, and that there is a rela

tion-

ship between the fractal dimension of the surface
 and that of the light. This has also been repo

rted

for scanning electron microscope images of su
ch surfaces. But measuring the overall roughn

ess

dimension of the surface is not the same thing a
s determining the actual coordinates of points

 on

the surface.

l On the other hand, the depth of field of the conv
entional light microscope is too great to measu

re

the important dimensions in the vertical direction 
on rough surfaces. Paradoxically, the confocal

~;~ light microscope has a much shallower depth of
 field (and more importantly rejects stray li

ght

from locations away from the plane and point of fo
cus), which allows it to produce true range im-

~' ages from irregular surfaces. In the confocal micro
scope, the image is built up one point at a tim

e

,~

-::
(usually in a raster pattern). Each image correspon

ds only to points at a particular focal depth, bu
t

repeating this operation at many focal depths prod
uces both an extended focus image in which 

the

entire surface is imaged, and a range image in which 
the elevation at each point is recorded. The

resolution in both vertical and lateral directions is
 much worse than the scanned probe micr

o-

scopes, but quite useful for many surface measurem
ent applications including metrology of some

microelectronic devices.

<~; ~- 
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Because of its very large depth of field, coupled with excellent resolution (typically <10 nm, much

better than the light microscope) the SEM is often a tool of choice for the examination of rough sur-

faces. Furthermore, the appearance of the secondary electron image that is most often recorded

from this instrument looks reasonably "familiar" to most observers, who therefore believe they can

interpret the image to obtain geometric information. Unfortunately, this is not at all simple. Figure

8 shows an SEM image of a surface, sintered tungsten carbide particles. This is a relatively simple

surface composed of uniform composition particles with relatively flat facets. But there is no unique

or simple relationship between elevation or slope and the local peel brightness. For relatively

smooth surfaces, "shape from shading" methods can convert changes in intensity to changes in

slope and thus extract the geometry. The influence of fine-scale roughness, edges, surface conta-

mination, or compositional variation prevents this from being a general purpose approach.

Backscattered electron imaging is less sensitive to many of these effects and is used for some

metrology applications, but only gives "real" geometric dimensions when comparison to standards

is available or extensive modeling of the interactions between electron and sample is performed.

The great frustration in using the SEM to examine surfaces is that while the images look quite nat-

ural to human viewers, and seem to represent surface elevation in a familiar way, determining ac-

tual dimension values from them is nearly impossible except in very constrained cases. Metrology

of integrated circuits is used to determine lateral dimensions, but even in these cases the definition

of just what the relationship is between the physical contour of an edge and the voltage profile of

the signal is far from certain (and highly dependent upon the voltage used, the material being im-

aged, the detector type and location, etc.). Metrology is used for quality control in which consis-

tency rather than absolute accuracy is important, and there is no attempt to extract measurements

in the Z direction from such images (indeed, even the visibility of points near the bottoms of

grooves or contact holes is a problem).

Stereometric imaging in which two (or more) different views of the surface are combined to mea-

sure elevation is the same in principle as the generation of topographic contour maps from aerial

photographs (Wong, 1980; Wang, 1990). This is not an easy technique to automate (Wrobel, 1991;

Heipke, 1992; Barnard and Thompson, 1980; Zhou and Dorrer, 1994; Abbasi-Dezfouli and Free-

man, 1994) however, and even with careful control of imaging conditions and measurement of

Figure 8. SEM image of the surface of

sintered tungsten carbide.
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angles, the vertical resolution is typically much worse than th
e lateral resolution of the individual

images, This is because the tilt angle S between the two vi
ews must usually be small (7-10° is ryp-

ical) to prevent points being hidden in one of the two views,
 and the angle enters the calculation

as 1/sin(S). The precision of lateral dimensions is magni
fied by any uncertainty in angle and lim-

its the precision of the final result.

Measurement of the elevation difference between indivi
dual points is usually quite straightforward

using a human to locate the same points in the two i
mages. Then the parallax or offset of the

points gives the elevation by straightforward trigonometry; 
however, to generate an elevation map

for an entire surface requires matching a great many po
ints, and requires automation to be prac-

tical. The two methods used for this are area-based or fea
ture-based. Area-based matching uses

cross correlation (either in the spatial domain or the fre
quency domain) to find the location of an

area in the second image that most closely matches each
 area in the first. Changes in the visibility

or contrast of the area between the two images, the p
resence of specular reflections, or repetitive

structures that produce multiple matches, produce prob
lems for this approach.

Figure 9 shows a typical result (from Chapter 12) in whi
ch two stereo images have been matched

by cross correlation, testing each point in the left-eye v
iew with possible points in the right-eye

view to find the best nnatch. The horizontal displacemen
t (disparity or parallax) where the match

was found measures the elevation of the point. Mismatch
ed or unmatched points are typically pre-

sent, and are filled in using a median filter. The calculated
 elevation values can then be used for

measurement or visualization.

Feature matching detects locations in each image which ha
ve some characteristic such as a maxi-

mum local vahie of variance. These points are then matched a
gainst the similar list of points in the

other image, This is generally more successful, but may mat
ch only a few thousand locations in the

two images out of perhaps a million pixels, so that the int
ervening locations can only be interpo-

lated. In all cases, constraints such as preserving the order of
 points from left to right and know-

ing the direction of tilt so that searching for matches need 
only occur in a small fraction of the to-

tal image area are important aids to the practical implementat
ion of the methods.

Because of its great depth of field, the scanning electron mic
roscope is very often used to obtain

stereo pair images of surfaces. The SEM is also used to gen
erate x-ray maps of surface composi-

tion, discussed separately in the next section. Instead of using
 electrons, light, or other radiation to

form an image of the surface, quite a lot of information is ava
ilable from the scattering or diffrac-

tion patterns that are produced. X-ray patterns contain data abou
t the structure of either crystalline

a

Figure 9. Surface reconstruction from stereo pair images:

(a) left and right views of a microfossil superimposed as a color com
posite for viewing;

(b) rendered surface reconstruction.
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or amorphous layers. Electron scattering patterns contain information on the crystallographic

arrangement and also on local strains in the material (which shows up as the displacement or

broadening of lines in the pattern). Scattered patterns of electromagnetic radiation are in effect

the Fourier transform of the elevation profiles of the surface and their nneasurement is therefore a

direct method to study the surface elevation in a way that separates the information on the form

or figure (the intended large scale geometry of the part), the waviness (medium scale departures

from the figure), and the texture or roughness (the fine scale details on the surface). In many

cases, the scattering of reflected light may also be directly related to the intended use of the sur-

face, for instance if it is ahigh-precision mirror. Images such as diffraction patterns can be

processed and measured using many of the same techniques as more conventional images, but are

not discussed here in detail.

Surface composition imaging
The variety of techniques for probing surfaces is astoundingly broad. Some of the more common

ones are the SEM using an x-ray detector, the ion microscope or microprobe using secondary ion

mass spectrometry (SIMS), and Fourier transform infrared (FTIR) spectroscopy. There are many

other tools used as well, particularly for measuring the thickness and composition of coatings.

These include the backscattering of particles, which samples the composition and density of the

sample at depths up to several micrometers beneath the surface. Also of rather specialized inter-

est is acoustic microscopy, which is sensitive to debonding between the coating layer and substrate.

Gigahertz acoustic waves have a wavelength similar to visible light, and can be used to image sur-

face and near-surface structures that are difficult to detect with other signals. Surface waves are

strongly reflected by cracks (even closed ones that cannot be seen otherwise) and bulk waves are

similarly reflected by the surfaces of pores (although these subsurface waves only propagate at

lower frequencies, with correspondingly poorer resolution). The speed of sound in the material can

also be measured to determine the modulus of elasticity and other physical properties. Ellipsom-

etry takes advantage of the fact that for many types of thin layer coatings, the plane of polarized

light is rotated as it passes through the coating. Measurement of that rotation can provide highly

precise coating thickness measurements, and when different wavelengths of light are used (or a

spectrometer is used to scan an entire range of wavelengths) can also reveal details about the in-

ternal structure of the coating. This method is primarily used to measure relatively large spots,

however, and not to produce images of the surface. Similarly, another spot-analysis analytical tech-

nique uses alaser-beam directed at a selected point on the surface with a light microscope to va-

porize material from a pit (typically several }~m across and deep) blasted from the surface so that

the atomic and molecular fragments can be weighed in a mass spectrometer.

Several different types of ion microscopes are used. Many can produce elemental composition

maps of the surface, or a series of such images at various depths in the material. An incident beam

of ions knocks the uppermost layer of atoms loose from. the specimen, either one point at a time

(the ion microprobe) or over the entire surface at once. These atoms are ionized and are then ac-

celerated into a mass spectrometer which separates them according to their mass/charge ratio,

identifying specific elements and isotopes. A detector or detector array then produces an image.

This typically represents the spatial distribution of one selected element at a time across the imaged

area, with a lateral resolution of about 1 yCm (depending on the diameter of the incident beam in

the case of the ion microprobe and the resolution of the ion optics in the case of the ion micro-

scope) but with a depth resolution of one atomic layer. Rapid switching from one element to an-

other as layers are removed produces complete data sets of the structure of the nnaterial.

Compositional mapping of surfaces is particularly important for examination of deposited coat-

ings and the identification of contamination. The most common approach to this mapping uses a

raster-scanned electron beam to generate characteristic x-rays from the atoms present, which are
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then detected. The unique energy or wavelengt
h of the x-rays identify the elements, and calcula-

tions based on the physics of x-ray generation ca
n be used to determine their amounts. The lateral

and depth resolution is limited to the o
rder of 1 }.im by the range of the electrons. Several d

iffer-

ent types of x-ray spectrometers are used; the
 diffractive or wavelength-dispersive type measures

x-rays from one element at a time but with
 good trace element sensitivity while the more com

mon

type energy-dispersive type can measure all of
 the elements present at the same time, but with

poorer detectability. These typically produce "
dot map" images for several elements at once (Fig

-

ure 10), which only approximately delineate t
he regions containing the elements and must be

processed and combined as discussed in the
 following section. Other signals, such as Auger ele

c-

trons, come from a smaller region near the point o
f entry of the focused electron beam and have

better spatial and depth resolution, but beca
use the signal to noise level is poor are not so go

od

at detecting minor and trace elements.

i

t
i

i

t

z

n

e

~,

n
,-

i-

t-
a
e

Figure 10. X-ray maps from a mineral (mica) showi
ng the location of several elements (as labeled on each

image). Each dot corresponds to the location of the
 beam when one x-ray with the proper energy was

detected, but some of these x-rays are the Bremsstrcth
lung background and are not characteristic x-rays

of the element selected. This produces a finite back
ground level in parts of the image where the specimen

may not contain the element. Only in high-concentra
tion areas are the boundaries of phase regions iuell

delineated (images courtesy Pia WJahlberg, Danish
 Technological Institzete).
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Molecular identification of coatings and contamination can be made using infrared spectroscopy,
in which various vibratory modes of the molecules are excited to produce characteristic spectral
peaks. This method is most suitable to the analysis of organic materials and coatings, such as
plastics. The spatial resolution of this approach is limited ro several micrometers by, the light
optics used.

Processing of range images
Elevation data from surfaces produced by the various methods discussed above are typically
recorded as 8- or 16-bit grey-scale images. Each pixel has a value that represents the physical el-
evation or composition of the corresponding surface location. Because most of the techniques de-
scribed look vertically down upon the surface, the data are single valued and represent only the
uppermost point for surfaces whose irregularity is so great that undercuts and bridges can occur.
The SEM is an exception to this, as shown in Fig~rc~ 11, which shows a complex polymer surface
with undercuts and bridges which a range image cannot reveal. Integer data stored for each pixel
in a range image can be converted to an elevation value in appropriate units (nm, }gym, etc.) using
scale data that are usually stored in the file header. Uri~ortunately, no standard format is used for
this data. Not only does each manufacturer have its own format (which is not always generally ,~
readable or well documented), but some have more than one format that corresponds to different
instruments.

Reading in these different file formats and storing the data in some standardized format such as
TIFF files may require custom programming. Some image processing and display programs do
have the ability to read arrays of data (i.e., images) in a wide variety of data formats provided that
the user can specify (or deduce) the necessary format information. This typically includes at least
the length of the header and perhaps where specific scaling or other information is stored within
in, the dimensions of the array and whether the data are stored in rows or columns, and the data
format (byte, integer, long integer, zeal, etc., and whether the byte order is Intel or Motorola —low
word first or high word first).

Once the data are available, the kinds of processing that are required for surface images depend
strongly on what kind of instrument was used. Some examples will serve to illustrate the possibilities;

Interference microscopes often have drop-out pixels where the local slope of the surface was
too great (more than a few degrees from normal) to return enough light to the optics to permit

Figure 11. Scanning electron microscope of the complex
surface of a polymer, with undercuts and bridges.
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measurement. These points can be detected by filling
 the array beforehand with an illegal or im-

possible value that is replaced by real measuremen
t data. Any pixel that retains the original value

is a drop out point and must be filled in, and the
 most common way to do this is with a median

or smoothing filter. A simple median would suffic
e for single points, but in many cases regions

several pixels across or arranged as a line correspo
nding to some step or ridge on the surface may

be dropped out. In this case a modification of the
 median approach is necessary. For example,

for each dropout pixel, build an array of the neigh
borhood pixels that are not dropouts. If this is

not an empty list, rank them into order and find t
he median, and place it into the missing loca-

tion. After this has been done for all of the dropou
t pixels in the image, see if any remain. If so,

repeat the process until every point has been filled in
. This will fill in even large areas from their

periphery and is sometimes preferable to linear or s
pline interpolation between peels around the

drop out, which produces blurred and smoothe
d edges.

A slight improvement in the basic iterated median ca
n be achieved by using a weighted median in

which pixels contribute to the decision on the value 
to be entered into the central pixel in pro-

portion to how far away they are. Fora 3 x 3 neighbo
rhood, the corner pixels are ~ farther away

than the ones that share an edge. Placing each c
orner peel value into the list of values to be

sorted twice and placing the edge pixel vahies int
o the list three times gives a ratio of 1.5 which

is close to 1.414... and produces the desired w
eighted median when the list is sorted. For a

5-pixel-wide circular neighborhood (Figure
 12) the pixel distances are 1, ~, 2, and ~. Weights

of 3 for the edge neighbors, 2 for the corner neig
hbors, and 1 each for the more distant pixels ap-

proximate the relative contribution of the neighbors
 according to their distance. Note that this

weighting increases the length of the list of values that 
must be sorted, which slows the operation

significantly and is why larger integer weights whi
ch would more closely match the inverse dis-

tances are not used. For a single dropout pixel with 
all 20 neighbors in a 5-pixel-wide circle con-

tributing, the sorting list grows from 20 vahies to 3
2, approximately doubling the sorting time, If

the list of values is even in length rather than odd
, the average of the two central values in the

sorted list may be used.

Reducing or removing noise in range images uses t
he same methods as other images: either a me-

dian filter or some type of averaging filter such a
s the Gaussian. For surface images, however,

they are best not applied in the same type of r
ound neighborhood as shown in Chapter 3. In-

stead, the neighborhood is restricted to pixels that 
lie on the same portion of the surface, exchid-

ing points at a different elevation or on a surface w
ith a different slope. This is an example of an

adaptive neighborhood filter, similar to the proc
edures used to smooth geographic data (also a

range map) called kriging. In the example shown 
(Figure 13), the neighborhood restriction pro-

vides superior noise reduction while preserving fin
e lines and corners.

Stylus instruments, whether macroscopic ones with
 diamond tips several micrometers in diameter

or atomic force microscopes using Buckytubes to 
probe much smaller lateral dimensions, share

some of the same image analysis problems and 
require anisotropic filtering. The scan rate along

each line (the X-direction) is typically determined by 
the dynamics of the stylus itself —the mass

of the moving tip and the applied force —which de
termines the maximum speed at which the tip

Figure 12. Weighted median, filter duplicates pixel values 2
 or 3 times for

the closest pixels (red) approximately in inverse proportio
n to their

distance, from the center, as shown in blue.

I I

2.0 2.236

~~~■■

~~~~~

~■■~~
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Figure 13. Noise reduction

awing a restricted

neighborhood:

(a) o~~igi~zal image showing

noise;

(b) conventional median

filter (7 pixel diameter)

applied;
(c) paean filter in ct 9 pzxel

dia~~aeter and a threshold to
exclude values more than 40

g~^ey levels differ°ent from the

local surface;
(d) median filte~~ with the

same neighbor hood as c.

a b

c ~

can move across the surface while remaining in contact 
with it. Too high a force will result in

damage to the surface or the tip, but too low a restoring 
force will allow the tip to skip over holes

or fly from rising slopes. Depending on whether the stylu
s moves some sensing element (an in-

terferometer, capacitance or inductance gauge for exam
ple, or perhaps just a beam of light) or

the surface is moved to null the position of the stylus (the t
ypical AFM mode of operation) and the

signal to the piezoelectric drivers is recorded, the output 
signal for the surface elevation is usually

an electrical voltage. This must be amplified and then d
igitized, and in the process suitable filter-

ing can be applied with a time constant appropriate for the
 scanning speed. This reduces the noise

along each scan line, and eliminates the need for subse
quent digital filtering to be required to re-

duce noise. Filtering may be used as discussed in the follo
wing paragraphs to separate the low-fre-

quency signals related to surface form and waviness f
rom the high-frequency roughness value,

but that is part of the process of measurement rather th
an image enhancement.

The situation is quite different in the Y-direction (from o
ne line to the next). A significant amount

of time passes between sequential lines in the raster sca
n, allowing for changes in the mechanical

and electronic components. Most systems scan in one di
rection only (to minimize hysteresis prob-

lems) and have a retrace scan during which the stylus 
is raised and not in contact with the sam-

ple. Repositioning the stylus to the exact same value is 
very difficult when the resolution of these

methods in the vertical direction is of the order of 1 nm
, The result is that subsequent scan lines

tend to be offset from each other. Because the eye is sen
sitive to abrupt changes in brightness that

emend over large distances, this produces images in whi
ch a visible horizontal stripe pattern may

be seen. Some AFM manufacturers attempt to alleviate this
 problem by adjusting each line so that

the average value is the same as that of the preceding l
ine. This is rarely a good idea — it means

for example that if there is a rising peak somewhere in t
he image area, the background around the

peak will be depressed as the peak rises, producing 
false data and even an incorrect visual im-

pression of the surface, as shown in Figure 14.

~~C~ The Image Processing Handbook
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a

+.

c

A better solution can be used instead of mean or
 average value for this line-to-line adjustment, a

l-

though it requires more computation. _The ideal s
olution would be to align the mode values of se

-

quential lines of data. Under the assumption t
hat the surface consists primarily of a backgro

und

level with some roughness superimposed on 
it, plus major features of interest that rise or 

fall

with respect to that plane, the mode is by definiti
on the most probable surface elevation value.

For a relatively small collection of data points
 (most area scans have only a few hundred d

ata

points along each line), the mode is not robust
ly determined. But for any distribution the med

ian

is closer to the mode than is the mean. Just as
 the median value is preferred over the mean 

for

filtering noise from an array of peels, so the
 median offers a workable solution for adjustin

g the

scan lines in a raster scan stylus image. Figure
 15 shows this method applied to a ty

pical image

b

a

P~gure 14. Enhanced visibility

for surface scratches by

processing:

(a) original range image of

letter on the surface of a coin;

(b) adaptive histogram

equalization applied to a;

(c) photorealistic surface

rendering of a;

(d) rendering of height

information from a with

surface brightness values

from b.

of a rough surface.

a b

Figure IS. AFM scan of an etch pit ~n sil~cory 
showing the line offsets ~n the raw image (a), t

he

darkening artefact resulting from correction by adju
sting the mean value of each line (b), and the

improved result using the median value (c).
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Another artefact in AFM images that is best avoided
 by proper attention to the hardware but which

seems in principle to be correctable to some exte
nt in software, is the deconvolution of tip shape

from the images. As shown in Chapter 5, if the point
 spread function of an image can be measured,

dividing the Fourier transform of the image by th
e transform of the point spread function can re-

move much of the smearing or loss of resolution, s
o that the inverse transform yields an improved

image. Real AFM tips are far from perfect, exhibit
ing various departures from a ideal symmetrical

point. Scanning the tip over a known artefact suc
h as a circular disk (Jarausch et al, 1996; Keller,

1991; Keller and Franke, 1993; Markiewicz and Goh
, 1994, 1995; Villarrubia, 1994, 1996, 1997) al-

lows calculation of the tip shape, and permits this 
deconvolution. In practice, the tips have a short

life and no two are identical, so that frequent recali
bration is required; however, tip deconvolution

is only important at the highest magnification and 
finest resolution levels.

Processing of composition maps
Most surface composition maps that are obtained by

 ion mass spectroscopy, x-ray energy spec-

troscopy, or other methods, suffer from low signal 
levels. As discussed in Chapter 3, this can in prin-

ciple be rectified by collecting more data, but this is 
generally not desirable on economic grounds and

sometimes is impossible because the analysis alter
s or consumes the surface. Thus, noise reduction

methods, such as weighted smoothing or median fi
ltering, are often applicable. Figure 16 shows the

Potassium x-ray map from Figure 10 processed wit
h a Gaussian smoothing operator, a conventional

median and a hybrid median. The latter gives the best
 preservation of edges, corners and fine lines.

When multiple images are obtained of the same are
a showing the spatial distribution of different el-

ements or other chemical data., it is very important
 to find ways to display them in combinations that

will communicate the information to the observer, and
 to find ways to delineate and distinguish the

various phases that are present. Combining multi
ple images as color planes offers one approach to

this, as shown Chapter 1 and repeated in Figure 17; 
however, because of the way that the display

hardware (and human vision) works, this allows o
nly three planes (R, G, and B) to be assigned and

there may be many more individual images ava
ilable than that. The situation is analogous to the sit-

uation for remote sensing images; the Landsat th
ematic mapper records seven wavelength bands

from the visible into the infrared, and other satellit
es capture even more. There is no straightforward

way to "see" all this information at one time; the c
hoice of which planes to show and in which col-

ors can be quite subjective and can reveal (or 
conceal) quite different aspects of the information.

If the individual elemental maps can be thresholde
d to correspond to the intensity levels from in-

dividual phases, then Boolean combinations of t
he planes using "AND" and "NOT" permits form-

ing binary images of each phase, which can then 
be measured. This process corresponds to setting

up threshold ranges in an N-dimensional intensit
y space corresponding to the number of elements

present, in which the ranges are rectangular prism
s in shape. This is often adequate to distinguish

a
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Pigure 16. AFM scan of a

chemically deposited surface

before and after the
correction of line offsets.
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Figure 17. Reduction of
random statistical
fluctuations ~n x-ray
intensity by processing:
(a) original Potassium image

from Figure 10;
(b) Gaussian blur, s = 1.5
pzxels;
(c) conventional median filter

CS pixel-wide circular
neighborhood);
(d) hybrid median filter of the

same size.

the phases present in real materials, but a more free-from shape t
hat corresponded to the natural

variations in intensity for each phase would be preferred.

Some statistical techniques plot the intensity of each pixel in each of
 the image planes as a vector

or point in n-space (nine dimensions for the example shown here) an
d then search for clusters in

that space. Once clusters are identified and the boundaries aro
und them defined, the various

phases present can be identified (MacQueen, 1968; Anderberg, 1973; 
Hartigan, 1975). This is a di-

rect extension of methods discussed in Chapter 10. The pixels whose
 values lie within each clus-

ter are then classified as belonging to the corresponding phase, and a ne
w image can be generated

with unique colors for each class so that the phases are delineated (Bri
ght et al., 1988; Mott, 1995;

DeMandolx and Davoust, 1997). Figure 18 shows the results of an u
nsupervised cluster analysis

technique using principal components analysis applied to the raw dat
a from Figure 10; seven

phases are identified and arbitrarily color coded.

! When there is a priori information about the composition of the various p
hases expected to be pre-

sent, this method works quite well. Cluster detection without such i
nformation, however, suffers

from several problems. First, the statistical techniques will always be
 better able (in a statistical

sense) to segment the space by defining more clusters, so unless the
 number of phase clusters is

known the results are suspect. Second, clusters for minor phases represe
nting only a few percent

by volume of the stricture will be represented by only a few percent of t
he points. Although these

phases may be very important (e.g., for the properties of materials an
d the economics of mineral

ores) they will be poorly defined in the n-space plot and very hard to
 detect. They are likely to be

overlooked amid the background of points from peels that straddle
 boundaries between major

phases. Principal components methods, for example, are more likely
 to segment single phase re-

gions based on minor gradients in composition or statistical variations
 in intensity, instead of iden-

tifing the presence of important minor phase regions.

Data presentation and visualization
Many types of surface measurement instruments produce data arrays 

with very large range to

resolution ratios. In other words the number of bits that encode the e
levation or other surface
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a b

Figure 18. Color combinations from the nine elemental x
-ray maps in Figure 10. Each of the three planes

(RGB) can be assigned to any of the nine planes, so this
 one data set care be displayed in more than S00

different ways.

characterization data are very large. Most image proc
essing and display programs cope adequately

with 256 grey levels, but even this exceeds the abilit
y of human vision to distinguish them on a

computer screen. Resolution of 1 nm over a range 
of 1 mm, which is quite possible with a high-

precision stylus or interferometric instrument, produ
ces a million levels (20 bits). This far exceeds

the capabilities of displays or of perception. Conseq
uently, the display routines must either select

one part of the entire range to display, or compress 
the data to show the entire range. Process-

ing can help, for instance by dealing with local slo
pes or derivatives rather than absolute values,

but this also requires some user experience to inter
pret.

The very large dynamic range of the data from surf
ace measuring tools can only be displayed on

the computer screen at the cost of making small bu
t measurably different value appear with in-

distinguishably small differences in brightness. One par
ticularly effective way of assisting in the vi-

sualization of such small changes, often associated 
with dirt or defects, is the adaptive neighbor-

hood histogram equalization introduced in Chapter 4
. Figure 19 shows an example, a iange image

of the raised surface of a letter on a coin. Scratches on
 both the lower coin face and the raised let-

ter can barely be detected in the original, but bec
ome visually quite evident after applying the

equalization procedure, which makes small differences
 larger while suppressing large ones. Other

processing techniques, discussed in preceding chapt
ers, can also of course be employed on range

images, but should be done so always recognizing t
hat the actual numeric elevation values are al-

tered and can no longer be used for measurement p
urposes.

Range images, in which the grey scale value at each
 pixel represents the elevation (or some other

surface parameter) at that point, contain all of the 
raw information in the data array. Even if the

range can be accommodated by the display (for inst
ance by dividing down the resolution with

G70 Tlie Image Processing Handbook

Figure 19. Color-coding of the seven major phases in the mica

sample from Figure 1 D, as identified by an unsupervised

cluster analysis method.
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which the data were acquired, using a local equaliz
ation technique, or creative use of false colors),

the resulting image is an unfamiliar one to human o
bservers, and requires experience to interpret.

Using false colors to increase the ability to visually 
discriminate small changes makes the resulting

images even more unfamiliar.

Contour maps draw isoelevation lines, which are 
exactly the same as topographic maps of the

earth's surface. These are familiar to many people 
and can be more easily be interpreted because

they make it easy to follow the contour lines to ide
ntify the shape of protnisions and valleys, and

to identify points at the same elevation. Of course,
 they also eliminate a great deal of information

(the elevation data for all of the other peels on the
 surface), but this is part of the simplification that

makes interpretation easier. Figure 20 shows the elev
ation of a familiar coin displayed as a grey-

scale range image, one that has been color-coded, an
d one reduced to a small number of contour

lines (which have also been color coded to make it
 easier to distinguish their elevation values).

Contour maps are less sLiccessful at communicating
 visual information when the lateral scale of de-

tail is finer, or when the surface if very anisotropic, a
s shown in Figure 21. In these cases the in-

dividual lines are close together and hard to distingui
sh, and the lines do not tie together different

areas of the surface very well. Whenever contour li
nes become close together because of the pres-

ence of fine detail or steep slopes, it is necessary to 
reduce the number of contour lines to help

clarify the map.

Figure 20. Range image of a coin (from a sc~
nniszg

stylus instrument, data courtesy of Paul Scot
t, Rc~~ik

~'`z. Taylor Hobson Ltd.), dispCayed as

(a) a grey-scale range image;

(b) a color-coded range image;

(c) c~ color-coded contour map with ten isoelevati
on lines.

~'. ~

~.

~~

i s~ -

~~l

t}~s~~ ~

~ ~ ~ ~s

~-~ .~`~
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Figure 21. Range images and
contour maps (with five
isoelevation lines) for an
injection molded polymer

surface (cab) and a ground

metal surface (c,d).

b

d

The visual impression of surface relief can be improved by processing. A
 directional derivative

creates an "embossed" appearance with light and dark contrast along edges
 and gradients. As dis-

cussed in Chapter 5, a convolution kernel of weights of the form

+1 +1 0

+1 0 -1

0 -1 -1

produces the effect of lighting the surface from the upper left corner a
nd produces the effect of

shadows which the eye interprets as relief. The direction should always 
be from the top; if bright

edges appear on the bottoms of edges the human vision system (which
 is accustomed to lighting

from above) inverts the interpretation of the data and perceives hills as 
pits and vice versa.

The derivative image shows fine detail but hides the overall elevation ch
anges in the data. This can

be alleviated by combining the greyscale range image with the derivat
ive. This may be done by

adding the two (simply change the central value in the kernel from 0 to 1)
, but results that corre-

spond more closely to the way vision perceives texture on surfaces can be
 obtained by multiply-

ing the two images together. This is shown in Figure 22. A particularly a
ttractive version of this dis-

play can be constructed by using the information from a color coded
 range image as well. In

Figure 22d a hue, saturation, intensity (HSI) model was used with the elevat
ion assigned to the ~,

hue for each pixel and the derivative assigned to the intensity (saturation is
 set to 50%). The shad-

ows create an impression of relief while the color informs the eye abou
t overall elevation values.

These Lesults compare quite favorably to the results of a true rendering of
 the surface using each tri-

angle of neighboring pixels as a facet and calculating the reflection o
f light from a light source in a

fixed position as shown in Figure 23. In this type of calculation the surf
ace can be given various

reflectivity characteristics, either more diffuse or more specular. In th
e examples shown a full

672 The Image Processing Handbook
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a

c

b

d

Figure 22. Enhancement of the coisz image from Figure 20:

(a) directional derivative;

(b) the derivative added to the original grey values;

(c) the derivative multiplied by the original elevation values

(d) color image with the elevation in the hue plane and the derivative in the intensity image.

ray-tracing and Phong shading was used. The latter method varies the shade across each facet ac-

cording to the angle variation between neighboring facets, and produces a very smooth and realis-

tic rendered surface as used in computer-aided design (CAD) workstations. The rendered image can

also be color-coded, by using the grey-scale rendering of reflectivity as the intensity channel and the

elevation as the hue channel as discussed above. Examples of this are shown in Figure 24.

Altering the displayed lighting and shading of surfaces can be an extremely powerful visualization

tool for surface examination, taking advantage of the abilities to interpret surface images that hu-

mans have evolved in response to real-world experiences. Specular enhancement of surface ap-

pearance has been demonstrated by (Malzbender et al., 2001). They use multiple light sources (40

in the examples shown) to ilhiminate a specimen, which enables the local surface orientation at

each location to be determined by shape-from-shading, also called photometric stereo. This data

set is then represented mathematically as a polynomial map of orientation and texture, so that the

appearance can be computed with altered surface reflectivity characteristics and any selected
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Figure 23• Rendered surfaces of the coin
 (from Figure 20) and the polymer (from

 Figure 21), treating the

surface as though it were a diffuse scat
terer (plaster of Paris) or a specular one (sh

iny plastic or metal).

The grid pattern visible in the coin image
 is an artefact of the scanner used to obtain

 the images, which

becomes more visually evident in this dis
play mode.

illumination direction. Figure 25 shows th
e enhanced appearance of a Cuneiform tab

let with syn-

thetic specular shading computed from the
 estimated surface orientation.

With this data set, it is also possible to inte
ractively alter the illumination direction by m

oving the

mouse over the image. Figure 26 shows 
four images from this procedure, in which fin

e details on

the surface can be studied as the lighting 
is altered. For instance, one interesting not

e is the fin-

gerprint left in the wet clay by the scri
be who prepared this tablet 4000 years ago

 in Sumeria,

which can be discerned as a series of ridges 
near the upper left corner of the tablet. Such fi

ne de-

tails are generally not observable withou
t this enhancement technique,

Rendering and visualization
The views shown previously all look onto 

the surface from directly above. This normal v
iew shows

all of the data, but is not the most familiar 
to a human observer. The use of computer 

graphics to

674 The Image Processing Handbook .~~:
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b

d

Figure 24. Color coded rendered surface
s using ~ Dace/intensity combination:

(a) coin (from Figure ZD);

(b) skin (from Figure 7);

(c) paper (from Figure 3~;

(d) shotblasted metal (from Figure 1 d).

render the surface from an oblique point of 
view (which many programs allow to be selec

ted or

even interactively rotated) produces an ima
ge that makes it easier to visualize the surfac

e mor-

phology, and perhaps to detect the featLires o
f interest. The oldest and simplest approach t

o this

is to plot elevation profiles along some of th
e horizontal rows of pixels, displacing each li

ne ver-

tically and laterally to create the effect of a sur
face, and skipping some rows so that the lines

 are

adequately spaced apart. Figure 27 shows t
wo examples of this. In the first, the coin image

 from

Figure 20, the lines are well spaced and th
e surface slopes gradual enough that there are 

only a

few places where lines are hidden (and eras
ed). The result is a fairly easy surface to interp

ret. In

the second example, the polymer image from
 Figure 21, the presentation is harder to interpr

et be-

cause so many lines cross each other and the
 overall morphology is obscured. Also in the

se dis-

plays the width of each line profile is the sam
e, so that there is no perspective applied to the

 view.

In this type of isometric presentation the hum
an familiarity with the rules of perspective causes

 this

constant width of the data to be misinterprete
d as giving the array a wider apparent dimen

sion at

the back than at the front.
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Figure 25. Specular
enhancement of the
image of a cuneiform
tablet by computing the
rendered reflection from
the surface based on
orientation data
calculated by shape fro~~a-

shading using multiple
images with different light

source locations (image
courtesy Tom Malzbender,

Hewlett Packard Labs,
Palo Adto, CA), Bottom
half of the image shows
the orzginal surface
appearance.

With the continued advance in computer graphics capab
ilities, in the form of snore processing

power and displays with more grey levels and colors,
 much more realistic presentations can be

generated. Adding perspective also makes the data 
seem more realistic, and adding cross lines

that connect together points on success line profiles bre
aks the surface up into an array of square

or rectangular tiles that improve the interpretability o
f the surface morphology by showing slopes

in the second direction. Increasing the line density pr
ovides snore information, but still must omit

many lines and rows of pixels in order to avoid overw
helming the eye with too many disappear-

ing lines. Coloring in the tiles according to the elevatio
n of the points provides addixional cues to

depth. The results (shown in Figure 28) represente
d the state of the art for desktop computers

only a few years ago, but this is now easily perform
ed on the typical desktop machine.

The most visually realistic presentation uses actual s
urface rendering to control the brightness of

each facet on the surface. Instead of square tiles tha
t must be bent to fit the four corner points

(which in general will not lie in a plane), triangula
r tiles are simpler to deal with. Three corner

points define the triangle and the orientation of the fa
cet with respect to the line of sight and a light

source location permits calculation of the intensity to 
be assigned to the facet. This can be done

with complete photorealism given the time and compu
ting power, but there will in general be a

very large number of facets to render and faster method
s are sought. We can perform this opera-

tion by shading each facet according to the product o
f its absolute height and its derivative to pro-

duce avery quick and visually realistic rendering.

Figure 29 illustrates this method. In Figure 29a, the
 edges of the individual triangular facets are

drawn in for clarity. But with this method it is pr
actical to create a facet for every pixel and its

immediate neighbors, so the full resolution of the da
ta set can be displayed. The result is shown

in Figure 29b. In computer graphics (as used in C
AD programs for example) it is common to

apply shading to facets so that they blend in with t
heir neighbors (Gourard or Phong shading)

and to not reveal lines where they meet. But while t
hat method is important for the small nuin-

ber of large facets encountered in CAD renderings, 
it is unnecessary for the tiny facets that cor-
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respond to each pixel, because the facets may cover only 1 or 2 pi
xels on the display. This also

speeds up the process.

It is useful to compare this method against the slightly simple
r display procedure of using the el-

evation to shade the facets, or using false colors to indicate elevat
ion, as shown in Figure 30.

"` These methods produce much less realistic results for visualization,
 and require a more educated

eye, on the part of the user. It is important to understand that hum
an vision is an important tool for

examining surface images, since the presence of defects or ot
her features of interest is usually far

f more readily discerned by an experienced observer than is possib
le with computer pattern recog-

E nition programs.

It is also possible to introduce color to these displays using th
e same procedure as shown in Fig-

ure 24, applying the elevation as a color in the hue channel and the
 slope or Phong-rendered val-

ues in the intensity channel, while drawing each facet in its app
ropriate place on the screen to gen-

erate aperspective-corrected visual representation of the surface geom
etry. This is far more visually

interpretable than simply applying false color, as shown in Figure
 31. Generating such displays re-

quires only seconds on a typical modern desktop computer.

Using this type of presentation communicates a much more effect
ive representation of the surface

geometry to most users, even ones with some experience, than d
oes the simple grey-scale range

image. Figure 32 shows this mode of presentation for the sam
e surface images presented in Fig-

ure 1. Even though the range images contain all of the data, and t
he perspective-corrected visu-

alizations actually obscure some of it, comparison suggests that the 
latter are more realistic in ap-

pearance and hence more useful for visual recognition of characteris
tics or defects.

Modern computer graphics is also capable of rapidly redrawing su
rface views from different view-

points. This can be used in several ways. Generating two realis
tic renderings of a surface from

slightly different points of view allows using human stereo visio
n to interpret the depth of a sur-

face. Creating a series of such images from different viewpoints c
an be used to display a "movie"

showing aEly-over across the surface, and with enough computer
 horsepower this can be done in

real time as an operator manipulates a joystick to interactively co
ntrol the flight path. Combining

this with the stereo display (Figure 33) creates a virtual reality wo
rld in which the surface can be

viewed in detail.

Analysis of surface data
There is no doubt that human visual examination of well-presente

d visualizations of the surface

geometrical and compositional information offers a powerful tool 
for recognizing defects and other

specific characteristics of the surface. For many purposes, numeri
cal measures of the surface are

needed, which can be used fox control purposes and to correlat
e the surface geometry or com-

positional variations with the creation and processing history of the
 surface, and with its perfor-

mance behavior. For these purposes, analytical methods relying on co
mputer processing of the data

are needed, and it is far from clear just what should be measured 
to provide effective parameters

for any given requirement.

The traditional measures of surfaces include the thickness of coat
ings, and the geometric features

of the surface geometry. Most of these values, although quite prec
ise, are highly dependent on

other factors such as the material composition (and spatial variation
s of composition), the partic-

ular measurement procedure used, and the size of the measured ar
ea. Most thickness measuring

procedures and some elevation measuring instruments naturally av
erage over a lateral distance

that is at least several micrometers and often much more. This is m
uch larger than the vertical res-

olution most techniques are capable of, and may hide important det
ails of the coating. Sampling

strategies must be employed to determine spatial uniformity.
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Fagure 26. A few images of

the specularly enhanced

surface of the same

tablet shown in Figure

25 as the location of the

computed light soup°ce is

interactively shifted. This

happens in real time so

that the observer can

visually inte~~ret the fine

details (images courtesy

Tom Malzbender,

Hewlett Packard Labs,

Palo Alto, CA).

a

&r
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Figu~•e 27. Isometric line profile displays of the coin image from Figure 20 and the 
polymer image from

Figu~~e 21.

Figure 28. Grid or mesh displays of the coin (Figure 20), polymer (Figu~pe 21) 
and deposited surface

(Figure 16).

b

Figure 29. Deposited surface rendered with tria,ngulcar facets wbes•e 
~irigbt~zess is the proclasct of

the eCevation and slope:

(a) large facets that are 6pixels wide;

(b) facets connecting each pixel and its immediate neighbors.
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a

Figure 30. Data from the polymer surface:

(a) elevation value used to shade the facets;

(b) product of elevation and slope.

U

d

b

Figure 31. Presentation of elevation data

from the coin image:

(a) each facet shaded according to the product of elevation and slope;

(b) each facet assigned a color representing elevation;

(c) Using the hue to represent elevation and the intensity to represent slope;

(d) using hue for elevation and the Phong-rendered surface values for intensity.

Dimensional measurement of surfaces is one application where coordinate measuring machines,

stylus instruments and optical interference techniques are all used. In many cases very exact di-

mensions are specified in the design of the part, and so the measurement does not require an

area scan or an image, but simply the proper alignment of the measuring tool with the component.

However, as dimensions become small, as in the case of microelectronic devices, it may be nec-

essary to acquire an image to locate the point where measurement is to be performed. Figure 34

shows an elevation profile taken from one scan line of an AFM, from which highly precise mea-

surements can be taken on the width and height of the steps present.

Because the AFM is a relatively slow device which has difficulty handling large parts, and because

there is always concern about surface damage when a physical contact is made, many of the

metrology measurements on these devices are presently made by SEM. (The light microscope was

used with earlier generations of devices, but the dimensions are now too small for the wavelength

of light to resolve them.) Figure 35 shows an SEM image of two lines of photoresist on a silicon

wafer. Unfortunately, the SEM image is only indirectly related to the surface geometry.
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Figure 32. 77~e szarface data from th. e four surfaces i
n Figure 1 Rnd the two surfaces in Figure 3 ~'endered

to show pe~~spective-co~7•ected visualizatio~zs with, facet
s shaded according to the product of slope and

elevation. The graphics have been expanded iTa the vez
~ical (Z) direction to increase the perception of

roughness and relief in the data.

f^ c

e

Figure 33. The surface rendering of Figure 32f perf
orarced front two

slightly different viewpoints, which are combined to f
orm a stereo

pair.

g

Figure 34• AFM image of a lithographic testpatterza use
d

to select tl~e location for a single liz2e scan used for

di~ne~Zsio~2al ~~zeasureznent. When used for this

pu~~ose, the AFM requires quantitative positio~z

sensing such as an interfe~ronaeter, iz2stead of relying

ova ~~aeasuring the signals seat to the piezoelectric

positiozzers.

f'S°m~

0 nn
1

Line Profile MeasurcmcnLs ~+ ~++ ~«eM i
i tm pm a.a nm

'. z .o.o2 um 2.YB nm ~
I :f 1Q.04 1.3] nm

~ a eo~pm ioo.00
~5 5.164m 100.04 n

. i6'""5.654im 100.03.. n.. __.
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Poaitton (yixeb)

Figure 35. Portion of an SEM image of two parallel lines

of photoresist on a silicon wafer and the signal profile

across them. The relationship between the physical

profile and the signal depends upon the slope cznd

roughness of the sides of Che Cines, the composition of

the material, the electron accelerating voltage used,

and the electron detector zesed.

Consequently the signal profile along a scan line (actually averag
ed over multiple scan lines to im-

prove the signal to noise ratio) is difficult to interpret to dete
rmine the line width. The pitch or

spacing of the lines can be determined with fair accuracy unde
r the assumption that the lines have

the same shape, and thus generate the same signal profile. Co
nsequently selecting any repro-

ducible characteristic of the signal —the peak, or the maximum
 slope, etc., can be used to mea-

sure the distance between the lines. In order to measure the peak
 width accurately, however, there

must be some absohlte determination of where the edge lies (an
d even what that means given the

slightly irregular shape of typical lines).

Computer modeling of the process of generating the SEM ima
ge signal can be carried out for var-

ious specimen geometries (and as a function of composition, e
lectron beam voltage, and detector

characteristics and placement). This is a time consuming proces
s but still easier than fabricating

physical standards for comparison. Even so, little accurate metrol
ogy is done in reality. Most man-

ufacturers that use SEM images for metrology select some arbit
rary feature of the signal that can be

easily and reproducibly measured, such as the point of maxi
mum slope or halfway between the

darkest and lightest signal levels, and use that to monitor chan
ges in dimension but without trying

to determine the actual dimension. This is the classic differenc
e between accuracy and precision,

and works adequately for production control but is not adequ
ate to support the development of

new geometries and devices.

Profile measurements
Unlike the SEM, most fnstruments considered here do produc

e actual physical elevation profiles.

' Surface measurements have historically been assessed from the
se elevation profiles rather than

i using full two-dimensional images (because the instrumentation 
is simpler and the time required

{ is much less, and hence because familiarity with the methods b
ecame established). By applying fil-

ters to the data (either digitally or in the amplifier electronics), 
different ranges of frequencies in

~ the profiles can be separated which are traditionally described as 
the figure or form, waviness, and

texture or roughness (Figure 36). Form is the overall gross ge
ometrical shape, which is generally

specified in engineering drawings, controlled by set dimensions
, and described by conventional Eu-

clidean geometry. The medium. frequencies are called waviness a
nd the high frequencies the tex-

ture or roughness. In machining processes, waviness is assum
ed to result from vibrations or de-

flections in the machine, while roughness results from more loc
al interactions between the tool and

j the local microstnicture in the material. These divisions are 
somewhat arbitrary and may differ
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Figure 36. Deviations from intended shape are commonly

divided into roughness (fine scale), waviness Roughness 
~Wa''"Zess

(intermediate scale) and form (large scale). ~"'G~"'~
Form (nominal shape)

according to the size of the part. The cutoff frequencies used to define the filters are typically set

to wavelengths from about 0.25 mm up to several mm to separate waviness from roughness. In-

ternational standards specify these as part of the measurement procedure for many mechanical

engineering applications.

Filtering to separate roughness from waviness and form data was originally done using analog RC

filters in the electronics. In modern systems digital processing is used, with aleast-squares line or

arc fitted to remove the form and spatial Gaussian filter to separate the waviness and roughness.

This generalizes directly to area scans which can also be filtered with an equivalent Gaussian fil-

ter, or the Fourier transform of the image can be filtered to select the desired range of frequencies.

The form data are most often separated by least squares fitting of a plane, or some other Euclid-

ean shape such as a cylinder or sphere that corresponds to the known intended form, or a gener-

alized polynomial. Figure 37 shows a simple example of form removal, in which roughness on a

a

c

f.

P~gure 37. Range images and surface visualizations of a ball bearing surface showing the overall form

(a,c) and the results of flattening the data by subtracting the spherical shape (b,d). Grey-scale and

vertical expansion of the data is possible after form removal.
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ball bearing (spherical) surface is made more evident visually
 and also becomes easier to measure

after the general curvature is subtracted. Deviations are then 
measured from the nominal form of

the ball,

The roughness of surfaces is typically determined from the
 roughness profile after the lower)-fre-

quency components have been removed. A wide variety of
 measurement parameters are used,

some of them codified in various International Standards Orga
nization (TSO) or other international

standards, and some of them corresponding to specific industr
ies or equipment manufacturers

(Rosen and Crafoord, 1997). A complete review of instrumen
tation and methods is in Whitehouse

(1994), and up-to-date reviews of analysis procedures are covere
d in Thomas (1999) and Mainsah

et al. (2001). The most widely used procedures perform statis
tical analysis on the elevation data

without regard to its spatial arrangement. Examples include th
e maximum peak-to-valley range of

elevations along the profile, the average absolute value of the 
deviation from the mean (Ra), or the

statistical standard deviation of the elevation data (Rq), An
other measure of the magnitu~d.e of the

roughness is the difference in elevation between the five hig
hest peaks and five lowest valleys (Rz),

but this requires defining a peak or a valley. This problem b
ecomes more difficult when applied

to area scans or images.

Information on the spatial distribution of the elevation data in
cludes parameters such as the num-

ber of peaks along the profile and the correlation length. The 
latter may be defined as the average

distance between successive peaks, or between points at so
me specific elevation such as the mean

elevation line left by removing the form and waviness. A more
 general definition of the correlation

length comes from a plots as shown in Figure 38; this is just t
he magnitude of the autocorrelation

function which can be determined from the Fourier transfor
m of the profile. The autocorrelation

function (ACF) is also of interest because, for surfaces prod
uced by a large number of independent

events (shot blasting, grinding, ballistic deposition, etc.), it has 
the same shape as the ACF of the

"average event" that produced the surface.

Functional parameters are also used, which are presumed to c
orrespond to particular usage of the

surfaces. The "Abbott curve" is simply the cumulative histogr
am of the elevation data (Figure 39);

it gives the area of contact which would be obtained by remov
al of a portion of the surface, either

by in-service wear or by an additional fabrication step such as
 plateau honing of automotive cylin-

der liners.

Another approach called "motif," originally introduced in the F
rench automobile industry and now

used throughout Europe (Dietzsch et al., 1997), simplifies the p
rofile to just the peaks which would

contact another surface based on the height of the peaks relat
ive to the intervening valleys and the

width of the valleys. Figure 40 shows the principle. Peaks are 
characterized by their depth (the

height above the valley) and their separation distance. Peak
 and valley patterns are then com-

bined according to their separation distance and depth to eli
minate the small peaks on the sides

of larger ones, until a minimum is reached which contains jus
t the most important peaks.

i.o

~ ~
3 p
~ ~
~ ~
~ G
O
~ ~~ l~e

Fes. d
L~ ŷ
O

U

e 38 The correlation plot shows the probability that points

ll have the same elevation value as a function of their

èral separation. The correlation length is defined as the

int at which this plot drops to 1/e or 36.79°6
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Figure 39. ~e histogram (black) of the shotblast
ed surface

range i~~zage (Figure 1 d) and the sane data sho
wn as a

cumulative histogram (~~ed). This plots the fractio
n of points

on the surface whose elevation is less than the va
lue o~2 the

horizontal axes, and is called the Abbott—Firestone 
curve.

~ ~ / o ~. ~.c _ i

~ ~ ~ ~ i

i ~___ ..0 --~ ~

Figure 40. The basics of Motif combination —ea
ch peak and valley motif is measured by the dep

th (height

of the smaller peak above the valley) arcd wadth. 
Motifs whach have peaks smaller than the neighb

or on

either side, a width less than an arbitrary cutoff,
 and a clepth less than 60% of the largest depth in

 the

profile are combined with their neighbors to r
educe the number of motifs present.

All these methods have serious limitations. They are
 highly dependent on the length of the profile

scanned and the lateral resolution of the data poin
ts. They involve some very arbitrary definitions

of what constitutes a peak or valley, ignore the f
act that the profile path will not cross the highest

or lowest points of most surface peaks and valley
s, and do not correlate very well with the real

subjects of interest, which are the processes by w
hich surfaces are produced and their behavior fo

r

whatever. service they are used. They are prim
arily suitable for specific quality control applica-

tions in which the real meaning of the parame
ters is hidden but consistency of measurement re

-

sults can be used to keep a working process i
n control. Furthermore, they are very difficult t

o

generalize to surface images produced by area s
cans of elevation.

All profile methods suffer from the fact that most 
real surfaces are not isotropic but have soiree di-

rectionaliry that results either from the way the su
rface was generated, the characteristics of the ma-

terial itself, or the use it has been subjected to. 
This so-called "lay" of the surface can be simple

(e.g. the groL~nd surface in Figure 1 is highly dir
ectional) or very complex and subtle. Measuring

a profile perpendicular to the principal lay direc
tion is the recommended approach, but for com-

plicated surfaces this misses much of the actual 
character of the surface.

Because the history of profile measurements had
 generated (or accumulated) a rash of parameters,

an effort is being made to rationalize the meas
urement of area scans. Supported by the ISO coin-

mittee and spearheaded by researchers at the Un
iversity of Birmingham (Stout et al., 1993), a se

t

of statistical, spatial and functional parameters 
have been proposed which will probably evolve to

form the basis of future international standards. 
These still contain some of the same limitations as

the profile measures, such as the need to define 
what constitutes a peak and. a strong dependence

upon the size of the scan area and the lateral
 resolution of the points. Also, they do not includ

e

some of the potentially important methods such
 as topographic analysis, envelope or motif analy-

sis, and fractal geometry. Because they represent
 an important starting point for surface description,

soiree consideration of them is appropriate.
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`T

The Birming~~~~m measurement suite
Four classes of measurement parameters are proposed, ones that deal with the elevation values

without regard to their location (called amplitude parameters), -ones that deal with lateral distances

on the surface (called spatial parameters), ones that combine these together (called hybrid par
a-

meters), and ones that are believed to have some direct correlation with surface history and prop-

erties (called functional parameters). Within each group only a very few parameters, ones which

have the most direct relationship to the more widely accepted profile measurement parameters, are

selected. The symbols proposed for these parameters us the same nomenclature as those for pro-

files except that S (surface) is substituted for the R used in profile standards.

The amplitude parameters are simple extensions to area scans of the statistical measures that are

used with profile plots. For instance, Sa is the analog to Rcz, the arithmetic mean deviation. For an

area scan it is the arithmetic mean of the absolute values of the elevation values from the mean

plane (fit as discussed previously). Sa is preserved only because Ra is widely used, and that is so

in turn because it was comparatively easy in the pre-computer days to design instruments to mea-

sure it. The root-mean-square deviation of the elevation points is a more robust measure, which is

simply the standard deviation of the distribution of the elevation values, Sq. The variance (the

square of the standard deviation) is the second moment of the distribution. The third and fourth

moments are the skew and kurtosis, respectively, and these are also used as amplitude measure-

ment parameters, called Ssk and Sku, respectively. For simple distributions which are not bimodal,

these three parameters offer a reasonably compact statistical description of the surface heights.

The histogram of the surface elevation data (examples are shown in Figure 41) shows the over-

all range of surface elevation. The skew in the distribution distinguishes such cases as the narrow

and deep grooves that may be important for distributing lubricant on plateau-honed cylinder lin-

ers in automobile engines (Figure 41c). In this case most of the surface has a very narrow ran
ge

of elevations but the grooves, which cover only a small fraction of the area, reach down to much

~~ _~.
Signtu = 33.7
Skew =-0.509
Kurtosis = 3.U26

c

Pigure 41. Histograms of elevation values for a few metal surfaces:

(a) shotblasted brass, which has a symmetrical distribution;

(b) ground stainless steel, which has a slight negative skew due to the presence of a few deep but

separated parallel grooves;

(c) a plateau-honed cylinder liner with a negative skew resulting from the deep intersecting grooves

which distribute lubricant.

Chapter 13: Imaging Surfaces X87

Sigma = 30.60
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Figure 42. The 20 highest peaks (red) and Lowes
t

valCeys (green) on the shotblasted (a), ground

(b), and plateau-honed (c) surfaces shown in

Figure 41.

a

b 
c

lower depths. A skew in the opposite direction would
 correspond to a surface with just a few

high peaks or ridges rising up from a relatively smooth s
urface. But the histogram by itself contains

no information on the spatial arrangement of the pits an
d valleys or the peaks and ridges. The

same histogram would result from a surface with all of
 the high points collected together in one

continuous ridge or distributed as thousands of tiny s
eparate peaks. The properties of these two

extreme surfaces would be quite different.

Just as for profiles, these statistical measures of amplitu
de are sensitive to the size of the sampled

area. For most surfaces the standard deviation increases 
with the number o~ points measured, in

fact for a fractal rough surface the slope of a curve plot
ting the variance as a function of size on

log-log axes is one of the ways used to measure the fra
ctal dimension.

For profiles, the parameter Rz is the difference in eleva
tion between the average of the five high-

est peaks and five lowest valleys. For an area scan of a 
surface this is generalized to Sz, the dif-

ference between the ten highest peaks and ten lowest v
alleys. This is not purely an amplitude pa-

rameter, however, because it depends critically on the
 definitions of a peak and a valley. They

cannot be simply the highest and lowest points on the 
surface (or pixels in the surface image), be-

cause these could be (and often will be) adjacent to each
 other and would all represent a single

peak and valley. For a profile, the presence of a low po
int separating two high points might be

taken to indicate separate peaks. This is a flawed defi
nition because infinitesimal irregularities

688 The Image Processing Handbook
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should not be considered significant, and so some criterion for the depth of the valley between the

peaks is required; but, on an area scan of a surface, even more is needed because the peak (or val-

ley) covers an area and two or more local peaks may connect along intricate paths (a ridge) to be

considered part of the same peak (and vice versa for valleys). In tracing this connectivity, it mat-

ters whether pixels are considered to touch all eight of their immediate neighbors or only the four

that share edges with them.

There is much more information in the identification of peaks and valleys than just the Sz para-

meter that is the elevation difference between the average of the ten highest and ten lowest. Dif-

ferent surfaces give rise to very different shapes for peaks and valleys, and their sizes and shapes,

orientation and spacing may all contain important characterization information. In Figure 42 sev-

eral examples are shown in which peaks are defined as eight-connected (pixels touch eight neigh-

bors), and are required to be distinct down to 80% of the height of the peak. Valleys are defined

in the same way. In this example the 20 highest peaks and lowest valleys are found. The method

is similar to the "flood fill" algorithm used in image processing, starting with the highest local max-

imum (and proceeding down) and including all touching pixels that extend down to the 80% limit,

while checking to see if the peak merges into an existing labeled peak. Notice that for the shot-

blasted surface the valleys are relative smooth in outline while the peaks are very irregular. Also,

for the ground surface the peaks (ridges) tend to be broader than the valleys (crevices), and for the

honed surface the peaks are very large while the valleys are much smaller. All of these differences

are consistent with our understanding of how such surfaces are produced, and they may give im-

portant insights into other surfaces and their functional performance,

Another parameter involving the peaks present in the surface is the number of them per unit area,

called Sds. Again, this depends upon the definition of a peak as discussed above. It is likely that

secondary information about the peaks will also be important in a variety of applications. For in-

stance, the uniformity of spacing of the peaks may play a role in cases where the surfaces are in-

volved in electrical or thermal contact, friction and wear, or to judge the visual and aesthetic ap-

pearance. As discussed under image measurement, the mean nearest neighbor distance can be

used to determine the tendency toward uniform spacing or clustering by comparing the value to

the mean distance that a Poisson random distribution of the same number of points per unit area

would have. Figure 43 shows the surface of an injection molded polymer in which the peaks are

relative evenly spaced (a complex fiinction of the surface finish of the die, the temperature, pres-

sure and viscosity of the polymer, and its molecular weight). This uniformity coupled with a spac-

ing between peaks that is close to the spatial resolution limit of human vision produces an aes-

thetically pleasing appearance for the product.

Figure 43• ~e highest 20 peaks and lowest 20 valleys in a one
square millimeter area of the molded polymer surface from
Figure 21. The peaks are color coded from purple to red
according to height and the valleys from green to cyan.
Notice that one valley completely surrounds a small peak,
and that the peaks are much more regular in shape than
the valleys.
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Note in the figure that the valleys have a 
very different shape and distribution than d

o the peaks.

In soiree other applications the same inf
ormation about the density and uniformity 

of pits rather

than peaks would be of interest. An exam
ple is the surfaces of plates used to retain 

ink for print-

ing applications.

Surfaces with anisotropy or lay can be ch
aracterized by spatial parameters derived f

rom the auto-

correlation function. As discussed in the 
chapter on Fourier space processing, the au

tocorrelation

function (ACF) is obtained by squaring 
the magnitude of the complex variables i

n the Fourier

transform while setting the phase to zero
, which removes all spatial location infor

mation. The in-

verse transform produces the two-dimens
ional spatial image of the ACF. The parame

ters defined

from this function are the texture aspect rat
io Sty°, the texture direction Std, and the 

autocorrelation

length Sctl. Understanding these may be h
elped by examining the ACF images in Fig

ure 38. The

autocorrelation length is defined in the 
Birmingham report as the shortest distance

 in which the

magnitude of the ACF drops to 20%. For
 the examples shown, this is the ininiinui

n radius of the

contour line drawn at the 20% intensity le
vel. The textL~re aspect ratio is the ratio of t

he minimum

radius to the maximum radius, and the text
ure direction is the orientation of the max

imum radius.

For the examples in Figure 44, the ACF o
f the polymer surface (Figure 21) is quite i

sotropic (in-

dicating that the surface is also isotropic)
, so the aspect ratio is unity and there is no

 pronounced

direction. The ground surface (Figure 1b
) on the other hand as a strong prefer

red orientation

Figure 44. Autocorrelation function 
calculated for.• (a) the polymer surface f

rom Figure 21; (c) the

ground surface from Figure 1 b; (e) the
 flycut surface from Figure 1 a, with supe

rirreposed contour liz2es

(b, c~, f) indicating the shape of the func
tion a~zd the distance at which it d~•ops to 
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which is evident in the ACF and can be measured there. For the fl
ycut surface (Figure la) the tex-

ture is more complicated, as is indeed evident in the original imag
e which shows two predominant

machining directions. The Str, Std, and Sal values as defined can o
f course be measured from the

ACF but zt is not clear that they contain all of the information 
about the surface lay that would be

desired for characterization.

The hybrid properties involve both the elevation and lateral data
 <as indeed do many of the pre-

ceding parameters). Sdq is the root-mean-square slope of the s
urface, which can be calculated

from the same triangular tiling procedure used to generate the v
isualizations shown earlier. For-

mally it is defined as the square root of the mean value of the s
um of squares of the derivatives

of the image in the vertical and horizontal directions, which can
 be determined simply as the lo-

cal difference of elevation values between adjacent pixels. 
The mean summit curvature Ssc is

similarly related to the second derivatives of elevation, but calcul
ated only for those pixels located

at peaks. This depends, of course, on first arriving at a mean
ingful and accepted definition of

which peaks are to be included. The third hybrid property is the 
ratio of the actual surface area

to the projected area Sdr. This can be obtained by summing u
p the areas of the triangles making

up the visualization.

None of these hybrid properties is very difficult to compute, b
ut they all depend critically on the

sampling interval or spacing of the peels. Changing lateral resolu
tion will alter the parameter val-

ues dramatically so that they are not really functions of the surfa
ce but of the measurement tech-

nique, and can be used only for comparisons in the most limit
ed way. This is also the case for

many of the profile-based measurements, but one of the goals in
 moving to area-based measure-

ments was to overcome some of the limitations of the older m
ethods. In fact, many engineering

surfaces have been shown to have a fractal geometry whose ac
tual surface area is undefined (it in-

creases without limit as the lateral resolution of the measurement
s improves).

It is a more subtle point, but measurements like these also depe
nd upon whether the elevation data

at each pixel are samples of the surface or averages over the pixel
 area. The mathematics apply for

the case of sampling, where the elevation at each pixel is m
easured at a precise mathematical

point and whatever happens between that pu~el and the nex
t is not taken into account. In fact,

many measurement methods such as conventional stylus instrum
ents and optical interferometers

perform some averaging of measurement over the entire area of t
he pixel, which may either report

the maximum value in that area or a weighted average of the
 elevation values. The mathematics

appropriate to these cases has not been worked out and woul
d affect not just the hybrid parame-

ters but all of the parameters described here.

Functional parameters are intended to relate surface geometric d
ata to specific aspects of surface

performance, and these are generally related to mechanical eng
ineering applications since the

greatest use of surface metrology has thus far been in that field
. One typical examples is the sur-

face bearing area ratio Stp, which is the fraction of the image ar
ea that would be in contact with

a flat plane parallel to the base if a given height of all peaks was
 removed by wear (Figure 45)•

This value, of course, can be read directly from the histogram 
of the elevation data in the image.

Similarly, the amount of volume removed in the process (the ma
terial vohime ratio Smr) can be cal-

culated by integrating the histogram, or using the cumulative histogr
am. The void volume ratio Svr

is the volume of empty space within the surface of the specim
en, which may be available for re-

taining or distributing a lubricant. It is measured by integrating the s
paces at each elevation level,

but this can also be done efficiently using the cumulative his
togram. Figure 46 shows the same

data from Figure 45 but as a surface visualization that reveals t
he nature of the contact surface and

the void volume after some of the peaks have been removed by 
wear (but assuming that there is

no deformation of the remaining surface nor filling in of pits w
ith debris).
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Figure 45. Thresholding the range image (i
n this example,

the shotblasted surface from Figure 1 d) a
t any particular

elevation (in this example 31 %below the ma
ximum

value) shows the surface area that would 
be in contact

with a plane after a corresponding amount of
 wear (in the

absence of any elastic or plastic deformati
on).

Figure 46. Visualization of the data f
rom Figure 45.•

(a) the original shotblcasted surface;

(b) the same surface truncated 3z %belo
w the top of the highest peak, showing the c

ontact areas and the

void volume.

More information is really needed abo
ut the contact areas than these parame

ters provide. The size

of the individual contacts is importa
nt for heating and deformation, and t

he void volume may ei-

ther be completely connected, or con
sist of isolated pockets, or be a mixture

 of the two, with very

different consequences for lubricati
on. There are other functional parame

ters proposed to deal

with these and other aspects of surfac
e performance, but these become ver

y specific to each ap-

plication and will require considera
ble research to properly define. Many 

of them are handicapped

to a significant degree because the s
urface elevation data in a range imag

e are single valued. The

elevation recorded at each pixel is th
e maximum height at that point, as det

ected by a stylus or op-

tical reflection, etc. Undercuts, caves
, or pores within the surface that do no

t show up in the range

image may become important if we
ar removes some of the surface overbu

rden.

Image processing and analysis usin
g the tools already developed in pre

ceding chapters can be

used to obtain many of the parameter
s of interest for surfaces from range ima

ges. For example, min

and max ranking operators (grey-s
cale erosion and dilation) can be used

 to modify the image to

form the envelope of the surface w
hich a contact of known form would

 feel, basically atwo-di-

mensional form of the motif logic 
mentioned above for profiles. Cross cor

relation with the image

of a defect (crack, dust particle, etc
.) can be used to locate such defects. M

easurement of features

obtained by thresholding can provid
e data on the contact areas and their dist

ribution after wear has

modified a surface. Skeletonization of
 the pore volume can be used to dete

rmine its connectivity
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as a pathway to distribute lubricants. Using these tools is straightforward 
once the significant pa-

rameters have been determined so that their relationships to surface b
ehavior and history can be

assessed.

New approaches —topographic analysis and fractal dimensions
The limitations and inadequacies of the traditional methods of analysis 

discussed above prevent

them from fiilly describing real surfaces. They are primarily being used 
for process control appli-

cations in mechanical engineering, where comparison of measurements
 with prior history pro-

vides an indication of change, so long as the measurement technique and 
instrumentation remains

unchanged. Newer methods have become available, but their full meanin
g and interpretation still

remain to be explored. It is hoped that these new approaches that may pr
ovide more insight into

the description and makeup of surfaces.

Human vision uses global topographic information to organize informa
tion on surfaces (Scott,

1995). The arrangement of hills and dales, ridges, courses and s
addle points, contains quite a bit

of information for describing a surface. A landscape or surface can b
e divided into regions con-

sisting of hills (points from which all uphill paths lead to one particular 
peak) and dales (points

from which all downhill paths lead to a pit). Boundaries between hills are
 courses and boLindaries

between dales are ridge lines (Figure 47).

A Pfalz graph (Pfalz, 1976) or change tree (Figure 48) connecting the peaks
 and dales through the

respective saddle points where ridge and course lines meet summarizes 
the topological structure.

The change tree can represent directly the height difference and lateral
 distance between features,

which makes decisions straightforward about eliminating features that have 
either small vertical or

lateral extent. This is a direct extension to surfaces of the motif comb
ination used for profiles.

Scott (1997) has proposed methods for dealing with the finite extent 
of real images and the cor-

rections necessary for dealing with the intersection of ridges and courses w
ith the edges of the im-

age area. It is not yet clear just how this information will be used for surfac
e measurement, but pa-

rameters such as the volume of connected valleys, the spatial distributi
on of valleys and peaks

across the surface, and orientation of watercourses and ridges seem likely
 to be important for sur-

face characterization.

At quite a different extreme of local roughness, many surfaces (but emphati
cally not all) are char-

acterized by a self-simllarity (more exactly, aself-affinity) that can be de
scribed by a fractal di-

mension. There are several ways to measure this (which do not exactly agr
ee numerically) plus the

need to provide an additional parameter that describes the magnitude of 
the roughness, and per-

haps others to describe the directionality of the surface. The appeal of 
the fractal dimension is

that it is not dependent on the measurement scale, and that it summarizes 
much of the "roughness"

of surfaces in a way that seems to correspond to both the way nature w
orks and the way humans

perceive roughness. Given a series of surfaces, the "rougher" the surf
ace as it appears to human

P~gure 47. A contour map representing a

surface, with the peaks (red), valleys (green)

and saddle points (purple) marked.
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Figure 48. The Pfalxgraph (a) showing which peaks, saddle

points, and valleys are connected in Figure 47, and the

change tree (b) that can be drawn to show the height

difference and lateral distance between them.

.~
x

vi

va

vs

a b

P4

interpretation (for a variety of basic reasons), the higher the fract
al dimension. At the same time it

must be noted that the recognition of fractal geometry (even the
 name) is comparatively new, and

there is a "bandwagon" tendency that probably causes it to b
e applied where it should not be, or

with more enthusiasm than critical thinking.

The fractal dimension of a surface is a real number greater than 
2 (the topological dimension of the

surface) and less than 3 (the topological dimension of the spac
e in which the surface exists). A per-

fectly smooth surface (dimension 2.0) corresponds to Euclide
an geometry, and a plot of the actual

area of the measured area as a function of measurement resolu
tion would not change. But for real

surfaces an increase in the magnification or resolution with 
which it is examined will reveal more

nooks and crannies and the surface area will increase. For a su
rprising variety of natural and man-

made surfaces, a plot of the area as a function of resolution is 
linear on a log-log graph, and the

slope of this curve gives the dimension D as shown in Figur
e 49.

This description comes directly from the earlier recognition 
that boundary lines around islands

had a length that depended upon the measurement scale. A so
-called Richardson plot of the length

of the west coast of Britain (Mandelbrot, 1967) as a function o
f the length of the measurement tool

showed this log-log relationship and was one of the trigge
ring ideas that led Mandelbrot to study

the mathematics of self-similar structures (ones that appear 
equally irregular at all scales) and to

coin the naive fractal for the field. Many other subsequen
t publications have shown that an ex-

tremely broad variety of surfaces also exhibit this kind of ge
ometry, investigated a number of ways

to measure the dimension, and begun to study the relationsh
ips between the dimension and the

history and performance characteristics of surfaces.

d
U

0

H
b

c"o

~`..~
`.~ Slope = - M

~~~ Fractal Dim. = 2 + M
.~

~`.
~`..~

~`.
~`..~

.~
~~

~f Measurement fi,nn ccalel

Figure 49. Schematic diagram of fractal dimension

measurement. As the measurement resolution

becomes smaller, the total measured area

increases.
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Measuring the surface area over a range of resolutions is in fa
ct a rather difficult thing to do (one

way is by adsorbing molecules of different sizes), and for basi
c reasons is not actually appropriate

for many surfaces because they are not ideally self-similar. Fo
r most surfaces, the lateral directions

and the normal direction are distinct in dimension and physic
al properties, which means that the

scaling or self-similarity that exists in one direction may no
t be the same as the others. At a suffi-

ciently large scale most surfaces approach an ideal Euclide
an flat surface. For anisotropic surfaces

this situation is more severe and even lateral directions are 
different. This means that the surfaces

are mathematically self-affine rather than self-similar. The fact 
that elevation measurements are sin-

gle valued and cannot reveal undercuts means that the me
asured data would be self-affine even

for a truly self-similar surface (for instance one produced by 
diffusion-limited aggregation of par-

ticles on a substrate). For self-affine surfaces and data sets th
ere are still a variety of correct and

practical measurement techniques. A few of the more practical
 ones will be summarized here (and

a more complete discussion is available in Russ, 1994).

In most cases, the most robust measure of the fractal dim
ension is the same procedure that can

characterize surfaces that are not ideally fractal, nor perfectly
 isotropic (Russ, 2001). The Fourier

power spectrum can also be used to characterize the ins
tnimental response function, to distin-

guish it from the surface information. Instead of the usual dis
play mode for the power spectrum,

a plot of log (magnitude) vs. log (frequency) reveals a fractal
 surface as a straight line plot whose

slope gives the dimension. The principal drawbacks to usi
ng the power spectrum plot to measure

the dimension are that it tends to overestimate the numeric
al value of the dimension for relatively

smooth surfaces (dimensions between 2.0 and about 2.3), 
and that the numerical precision of the

measured value is lower than some of the other methods c
an provide for images of a given size.

Figure 50 shows an example of the power spectrum plot for
 a fractal surface, whose slope gives

the fractal dimension.

=r< ..~~,.

Rose plot of slope: Log(magn.) vs. Log(freq.)

Slope: 7 .3671 to 1 .7335 Ds(av)=22445

loept: 4.5417 to 5.788 Ave: 5.0692

Lo Ma nitude: From 6.8024 to 12.OS07 A~.slo e=-1 .4014

:~' . ~'~.

0.4043 Log Frequenoy -> 4.552 Phase (0.271)

Figure S0. The Fourier transform power spectrum (upper left) of the
 shotblasted metal image (F~gure 1 d),

with its subsequent analysis. The plot of log magnitude vs. log frequenc
y (lower left) averaged over all

directions shows a linear relationship which confirms the fractctl beh
avior, and whose slope gives the

dimension (2.24). A rose plot of the slope of as a function of orientation
 (upper left, bold line) shows that

the surface is isotropic and has the same dimension in all directions. Th
e thin line on the same plot

shows the intercept of the plot as a function of direction, which is a m
easure of the amplitude of the

roughness and also shows isotropy for this surface. Finally, a plot of the
 distribution of phases of the

terms in the Fourier transform shows them to be uniformly random, w
hich is required for a fractal.
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Generating the two-dimensional Fourier tra
nsform of the surface range image reveals any f

ractal

anisotropy (which can be either weak anisotr
opy in which the dimension is the same in all dir

ec-

tions but the magnitude is not, or strong aniso
tropy in which the dimension also varies). Plott

ing

the slope and intercept of the plot of log (m
agnitude) vs. log (frequency) as a function of ori

en-

tation provides a quantitative tool to describe t
he fractal anisotropy. Figure 51 shows an exam

ple.

The separation of the low frequency data that 
describes the figure and high frequencies that of

ten

reveal instrument limitations from the interm
ediate frequencies can be used to isolate the sur

face

fractal dimension.

By itself, the fractal dimension is only a partia
l description of surface roughness even for idea

lly

fractal surfaces. Stretching the surface vertica
lly to increase the magnitude of the roughness d

oes

not change the slope of the power spectrum
 or the fractal dimension. An additional meas

ure,

which has units of length, is needed to charact
erize the magnitude. The intercept of the plot of 

the

power spectrum has units of length and can 
be used for this purpose. So can the topothesy, w

hich

is defined as the horizontal distance over wh
ich the mean angular change in slope is one ra

dian.

A variety of other measurennent approaches can
 be properly used with self-affine fractal surfaces

.

Two widely used techniques that deal with th
e range image of the area directly are the coveri

ng

blanket and the variogram. Both work correc
tly for isotropic surfaces but do not reveal anisotro

py

and can produce nonsense values in those c
ases rather than an average. The latter is simply a 

plot

of the variance in elevation values as a functi
on of the size of the measured region. Values fr

om

small areas placed systematically or randomly
 over the surface are averaged, and a single me

an

value obtained. This process is repeated at ma
ny different sizes and a plot (Figure 52) made 

that

gives the dimension.

The covering blanket or Minkowski method
 measures the difference (summed over the entir

e im-

age) between an upper and lower envelope 
fitted to the surface as a function of the size of 

the

neighborhood used. The minimum and max
imum brightness rank operators discussed under

 im-

age processing are applied with different d
iameter neighborhoods, and the total difference 

be-

tween them added up. This is analogous to t
he Minkowski dimension for a profile that was 

de-

scribed in Chapter 7, obtained by using the 
Euclidean distance map to measure the area as 

a

function of distance from the boundary line.
 The covering blanket method produces a plot

 as

shown in Figure 53 that gives a dimension. N
otice that these three methods give only appro

ximate

Figure 51. The same data presentation as

in Figure S0, but for the anisotropic

ground surface shown in Figure Ib.

Both the slope and intercept of the

power spectrum plot are different in

the vertical and horizontal directions.

The surface is an anisotropic fractal.

4

i..

Rose plot of slope: Lag(magn.) vs. Log(freq.)

Slope: 0.8218 to 1.1862 Ds(a~)=2.509

Icept: 4.966 to 6.5227 Ave: 5.5424

Lo Ma nitude: From 6.522 to 10.4012 A~.slo e=-D.903

0.4043 Log Frequenoy -> 4.852 Phase (0.27f)
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Figure 52. Plot of mean variance vs. neighborhood

size to determine the fractal dimension of the

shotblasted surface (same image as Figure 50).

rom 17.3461 to 36.1133
from 25 to 676

Laq.Horix.Soale from 9 to 29E pixels

Figure 53• Plot of the Minkowski cover volume as a

ficnction of neighborhood size to determine the fractal

dimension (same image as Figures SO and 52).

agreement as to the numerical value of the dimension. Part of 
this is just finite measurement pre-

cision, but part of the difference arises from the fact that all of thes
e techniques measure something

that is slightly different. These are limits to the actual dimensi
on and in general will not agree, so

when comparisons are being made between surfaces it is impo
rtant to always use one technique

for all of the measurements.

It is often attractive to perform measurements in a lower dimensio
n, since a smaller number of data

points are involved. Historically, much of the work with fracta
l measurement has been done with

boundary lines, whose dimension lies between 1.0 (the Eucli
dean or topological dimension of a

line) and 1.999 (a line whose irregularity is so great that it wande
rs across an entire plane). There

is a way to do this with fractal surfaces, by intersecting the surface
 with a plane and then measuring

the dimension of the line that is the intersection. It is vitally im
portant however than this plane be

parallel to the nominal surface orientation rather than a vertical
 cut. The vertical cut would produce

the same profile as that obtained with a profilometer, but becau
se the surface is self-affine and not

self-similar the proper measurement of this profile is complic
ated and the common techniques

such as the Richardson plot mentioned above do not apply. Al
so, of course, the profile will be ori-

ented in a particular direction and cannot be used with anisotropic 
surfaces.

The horizontal cut is called aslit-island method, and it correspond
s exactly to the case with which

Richardson was dealing. The horizontal plane corresponds to se
a level and the outlines are the

coastlines of the islands produced by the hills that rise above the 
sea. A plot of the length of these

coastlines as a function of measurement scale produces a dimens
ion that is exactly one less than

the surface dimension (the difference between the topological d
imensions of a surface and a line).

It is not usually convenient to measure the length of a coast
line using a computer in the way

Richardson did, by setting a pair of dividers to a particular scale 
length and "striding" around the
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P~gure 54. Contour lines produced by threshol
ding the i~~aage from Figz~re I d at S0~/o of its elevati

on range

and the plot from abox-counting measurement
.

coastline so that the boundary length was 
the divider setting times the number of strides; 

but a va-

riety of other methods are readily impleme
nted in a computer.

The analog to the Minkowski blanket for 
the surface is a Minkowski sausage produced by

 thick-

ening the boundary line by various amoun
ts and plotting the area covered vs. the width 

of the

stripe or sausage. The Euclidean distance ma
p discussed in Chapter 7 on binary image pr

ocessing

accomplishes this procedure very efficiently 
and without the directional variation that results 

from

conventional pixel-based dilation. Another
 method is box-counting (Figure 54) in which

 a grid is

placed on the innage and the number of 
squares through which the boundary line pa

sses is

counted as a function of the size of the grids.
 While these methods are quite fast, they are 

only ap-

plicable to isotropic surfaces.

It is beyond the scope of this text to discuss
 the relationships that have been found betw

een frac-

tal dimensions and various aspects of t
he history and properties of surfaces. In bri

ef, most

processes of surface formation that involve 
brittle fracture or deposit large amounts of ene

rgy in

small regions tend to produce fractal surfa
ces, and the numerical value of the dimension

 is often

a signature of the process that was involved
 (Russ, 1997). Likewise, many surface contact

 appli-

cations (electrical, thermal, etc.) depend up
on the relationship between contact area and 

pressure

and fractal geometry is pertinent to this case.
 Under some circumstances friction and wear

 inay also

be related to the surface dimension. Fra
ctal description of surfaces is a new, and 

somewhat

"trendy" approach to surface characterizatio
n. Although it clearly offers powerful methods 

that ap-

ply to some surfaces, for others such as du
ctile deformation it is inappropriate.
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Index

A

Abbasi-Dezfouli and Freeman studies, 660

Abbott curve, 685
Absolute colors, 20, 45, see also Colors

Absorption tomography, 558

Accumulator spaces, see Hough spaces

Accuracy, 357-359

Acoustic microscope images, 2, 628

Acquiring images, see also Imaging

bandwidth limitations, 18-20

cameras, 8-18, 36-39

color images, 30-52

electronics, 18-20

focusing, 18
grey-scale resolution, 23-24

high-depth images, 26-29

image types, 52-54

imaging requirements, 71-77

limitations, 36-39
multiple imanes, 59-64

noise, 24-26

pixels, 20-23

range imaging, 54-59

stereoscopy, 64-71

video cameras, 6-7

Active contours, 369

Adaptive equalization, 219

Additivity, 285
Aerial photography

color shading, .181

cross-correlation method, 110-111

feature-matching, 502

geographical information system (GIS), 108

geometrical distortion, 192

remote sensing classification, 534

stereoscopy, 66-69

subtraction, 268

AFIS, see Automated Fingerprint Identification System.

(AFIS)

AFMs, see Atomic force microscopes (AFMs)

Agfa studies, 90

Aguilar studies, 58

Aigeltinger studies, 649

Airplane photography, see Aerial photography

Algebraic reconstruction technique <ART), 563-567,

583
"Alice's Restaurant," 79

Alignment, 193-197

Alpha channel, 389

American Society for Testing and Materials (ASTM),

453 56

Amplifier noise reduction, 13

Amplitude parameters, 687

Anderberg studies, 669

Animal vision, 1, 64-65

Anisotropy, 416, 466-469

Arce studies, 158

Archival properties, 96, 103, 104

Area fraction, 447

ART, see Algebraic reconstruction technique (ART')

Artworks, 186

Arvo studies, 506

Astigmatism, 292-293

ASTM, see American Society for Testing and Materials

(ASTM)

Astola, Dougherty and, studies, 409

Astolo studies, 154

Astronomical imaging, see also Aerial photography;

Satellite imaging; Weather imaging

alignment, 195
blinking, 268

charge-coupled device (CCD) cameras, 13

Clementine orbiter, 22

color substitution, 32

compression, 304

contrast range, 27

focus, 318

galaxy M51, 242

high-resohition imaging, 589

Hubble telescope, 10, 318

image dependence, 1

Laplacian methods, 224-225

Magellan probe, 69-70, 632

planets and asteroids identification, 268

Saturn, 224, 304
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Sobel operator, 242

Venus, 632

Atomic force microscopes (AFMs)

contours, 371

distance recording, 54

image types, 54

interferometer comparison, 58-59

noncontacting measurements, 657

physical contact, 654

quantitative dimensional measurements, 656

range imaging, 55-58> 665-668

rank operations, 255

surface data analysis, 681

Atom probe ion microscope, 600

Autocorrelation process, 331-332, 685, 690-691, see

also Correlation process; Cross-correlation

process

Automated Fingerprint Identification System (AFIS),

109

Automatic scaling, 265

B

Baba studies, 591

Babu, Nevatia and, studies, 435

Background fitting, 174-179

Background subtraction, 173, see also Subtraction

Backprojection, 560-561, 582-584

Backup copy storage, 104

Baddeley studies, 452, 487

Baker, Hearn and, studies, 190, 606

BalasuUramanian studies, 117

Ballard and Brown studies, 376, 529

Ballard studies, 491, 529

Balloons, 379
Bandwidth limitations, 18-20

Banerji, Underwood and, studies, 261

Barnard and Thompson studies, 660

Barnes studies, 570

Barnsley and Hurd studies, 126, 127

Barnsley and Sloan studies, 127

Barnsley studies, 127

Barty studies, 596

Batchelor, Russell and, studies, 654

Bayer pattern, 15
Bayes' theorem, 168, 323> 536, 567

BCC, see Body-centered cubic (BCC) configuration

Beam hardening, 573-578

Bertrand studies, 253

Berzins studies, 229

Besl studies, 606

Beucher, Lantejoul and, studies, 430

Beucher and Lantejoul studies, 430

Bezier curves, 508

Bially iteration, 323

Biemond, Lagendijk and, studies, 324

Binnig studies, 654

Binning, 11

Biomedical imaging, 535-536

Birmingham measurement suite, 687-693

Blackie studies, 623

Black studies, 549

"Blinking" images, see Astronomical imaging

Blue channel, 16

Blurring, see also Smoothing

deconvolution, 319, 322-324

frequency space, 324-327

horizontal line readout, 13

motion, 324-327

neighborhood averaging, 142

reconstnaction, 561-562

uniformity, 321

Boddeke studies, 18, 476

Body-centered cubic (BCC) configuration, 605

Bonnell, Mitchell and, studies, 296

Boolean logic
image math, 264

images (Uinaiy), 264, 383-389

measurement templates, 396

multiple images, 59

searching databases, 105, 109

textural orientation, 353

thresholding, 337, 344, 349> 352

visualization software programs, 346

Borgefors studies, 647

Boundaries, see also Edges

asymmetric, 359
images (binary), processing, 439 42

line representation, 358, 367-370

pixels, 22-23
power spectrum, 295
taut-string (rubber-band), 504

Bounding box, 481

Bow studies, 547

Boyde studies, 66, 68

Bracegirdle, Bradbury and, studies, 52

Bracegirdle studies, 52

Bracewell studies, 278

Bradbury and Bracegirdle studies, 52

Bradbury studies, 52

Braudaway studies, 117

Breadth, see Caliper dimensions

Bresenham line drawing algorithm, 616

Briarty and Jenkins studies, 591

Bright and Steel studies, 250

Brightness
color scales substitution, 31

contrast expansion, 132-133

histogram equalization, 214

human perception, 4, 9, 23

imaging requirements, 73

large range, cameras, 26

measurements, feature specific, 475-480

pixels, 21

solid-state chip cameras, 11

surface curvature, 176

Bright studies, 669

Broadcast television, 18-29, 129, 205

Brodatz studies, 533

Brown, Ballard and, studies, 376, 529

Brown studies, 606

Browsing, 108-111

Brute-force correlation methods, 65

Bryan and Skilling studies, 170

Buckytubes, 665

Burnett, Stewart and, studies, 585
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Butterworth filters, 299-301, 306

Buzuloiu studies, 219

CAD, see Computer graphics

Calibration scales, 478, 481

Caliper dimensions, 507-509

Cameras, see also Video cameras

artefacts and limitations, 12-13

charge-coupled device (CCD) cameras, 8-11

color, 13-15> 35

complementary metal oxide semiconductor

(CMOs) cameras, 17-18

digital, limitations, 18

focusing, 18

large brightness range, 26

linearity, 476

noisy images, 138

performance level perspective, 27

resolution, 15-16

solid-state chip, 5-11

studio, 11

tube-type cameras, 7

Camouflage effectiveness, 5

Canny operators, 247-248, 510

Canton, Sanchez and, studies, 73

Capowski, Johnson and, studies, 591

Carasso studies, 324

Carlsen studies, 600

Carrington studies, 324

Castle and Zhdan studies, 654

Castleman studies, 380, 531

Cathode ray tube (CRT) monitors, 50-52, 88

CCD cameras, see Charge-coupled device (LCD) c
ameras

CDs, see Compact disks (CDs)

Cederberg studies, 374

Censor studies, 564

Centroids, 482 84, 488

Cesar, Costa and, studies, 73

Chain code

harmonic analysis, 520-521

perimeter, 509-510

three-dimensional measurements, 524

topology, 523

Change tree, surfaces, 693-694

Charge-coupled device (LCD) cameras

basics, 8-11

compression, 121

high-resohition imaging, 589

noisy images, 138

Chatterji, Reddy and, studies, 606

Cheerios, 556

Chermant, Coster and, studies, 409, 420

Chieco studies, 476

Chip cameras, see Charge-coupled device (LCD
)

cameras

Chord encoding (run-length encoding), 110, 116
,

373-374, 392

Christus, Petrus, 186

Chui studies, 123

CIE, see Commission Internationale de L'~claira
ge

(CIE) standards

Circle and ellipse measurements, 505-506

Van Cittert iterative technique, 323

Classical erosion, see Erosion

Classification, see also Feature recognition

Fuzzy logic, 107

imaging requirements, 76

parameters, 531-534

reliability, 53z

segmentation and thresholding, 379-381

Cleanliness, surface, 653

Clementine orbiter, 22

Closing (dilation erosion), 410 13

Clusters, 379-380, 487, 545-548

CMOS cameras, see Complementary metal ox
ide

semiconductor (CMOs) cameras

CMY/CMYK color

color printing, 89-93

image analysis, 45

printing hardware, 93, 96

Lockett studies, 550

CODECs, see Coding decoding (codec);

Compressor/DECompressors (CODECs)

Coding/decoding (codec), 113-116, see also

Compression

Cohen studies, 647

Colocalization, 383-384

Color cameras, see Cameras

Colorimetry, 185

Color printing, 88-93, 94

Colors, see also Absolute colors

basics, 30-36

converting to grey-scale, 46

correction, 47-50, 185

displays, 50-52

human perception, 4

imaging requirements, 73

printing, 88-93

pseudo-color, 31-32

ray tracing, 625

reduced palettes, 117-118

separations, 91

shading, 181-187

subsampling, 33

three-dimensional images, 615

video camera limitations, 20

Color spaces, 40-47

Comer and Delp studies, 154

Comet tails, 321

Commission Internationale de L'Eclairage (CIE)

standards

color printing, 88-89

color space, 41

two-dimensional thresholds, 340

Compact disks (CDs), 101-103, 129

Complementary metal oxide semiconductor (
CMOs)

cameras, 17-18

Composition imaging, 662-664

Composition maps, 668-669

Compression

delta, 112

digital camera limitations, 36-37

fractal, 126-128, 130

frequency transform, 304
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JPEG, 118-123
lossless coding, 111-117

suitable, 126
three-dimensional image storage, 605

thumbnails, 108-111

wavelet, 123-126
Compressor/DECompressors (CODECs), 128

Computer graphics
defects, connecting, 189-191

non-planar views, 188

Phong shading, 673, 676

surfaces, 633-634, 636

Computerized tomography (C'1~ scanners, 460, 462, 580

Computer monitors, 15-16, 50-52

Condeco studies, 197
Cone-beam geometry, 587-589

Confocal scanning light microscope (CSLM)

color coding effects, 628

contours, 371
data sets, 610
deconvolution, 324
image math, 271
optical sectioning, 596-598

range imaging, 54
reflection, 628, 630
stereo viewing, 619
surfaces, 635
technology comparison, 28-29

volumetric imaging, 462

Contacting measurements, 653-657

Contour maps, 671

Contours, 370-373
Contrast, 131-136, 208-211

Convex segmentation, 500

Convex surfaces, 393
Convolution process

derivative operations, 244

frequency space, 314-332

rank operations, 251

Cookson studies, 624
Cooley and Tukey studies, 278

Cormack studies, 559
Cornsweet studies, 225
Correlation process, 314-332, 328-331, see also

Autocorrelation process; Cross-correlation

process
Costa and Cesar studies, 73

Coster and Cherinant studies, 409, 420

Counting features, 496-502

Covering blanket method, 696, 698

Crafoord, Rosen and, studies, 685

Cray supercomputer reconstructions, 589

Cross-correlation process, see also Autocorrelation

process; Correlation process

data matching approach, 110

military targets, 529
shape and orientation, 252

template matching, 527-529

Cniz-Drive studies, 471

CSLM, see Confocal scanning light microscope (CSLM)

CT scanners, see Computerized tomography (C'I')

scanners
Cuneiform tablet shading, 674

Curds, 259
Curlander, Nathan and, studies, 165

Curvature, 176, 464-466, see also specific types of

curves
Custer, 425
Cycloids, 453, 458, 467

"Daisy wheel" printers, 80
Van Dam, Foley and, studies, 190, G06

Danielsson studies, 427
Darkroom techniques, 27
Data analysis of surfaces, 677-683
Databases, 104-108
Data sets, 26, 604-611
Data sources, 591-592

Daubechies studies, 123
Daut studies, 112
Davidson studies, 435
Davies studies, 157
Davis, Freeman and, studies, 521

Davoust, DeMandolx and, studies, 669

Debye-Scherer x-ray camera, 267, 478

Decision points, 534--536
Deckman studies, 587
Deconvolution, 319, 322-324

Defects
alignment, 193-197
background fittings, 174-179
color shading, 181-187
computer graphics, 189-191

contrast expansion, 131-136
geometrical distortion, 191-193

interpolation, 167-T68, 197-202

maximum entropy methods, 168-170

maximum likelihood methods, 170-171

morphing, 202-205
neighborhood techniques, 140-167

noise, 137-140
non-planar views, 188-189
nornmiform illumination, 171-174

rank leveling, 179-181
three-dimensional images, 568-572

Dehoff, Russ and, snidies, 445
Dehoff and Rhinos studies, 445
Delanoy, Verly and, studies, 257

Delp, Coiner and, studies, 154

Delta compression, 112

DeMandoU~ and Davoust studies, 669

Donley studies, 58
Deposition, surface build up, 652-653
Derivative operations

convolution, 314
image enhancement, 229-232

rank operations, 249
Determining numUers (measurements), 461-464

Dietzsch studies, 685
Difference of Gaussians (DOG), 243, 247

Digital cameras, 36-39, see also Cameras

Digital movies, 128-130, 160, 205
Digital video disks (DVDs), 102

Digital video recorders, 36
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Dilation
basics, 409 13
Boolean operations, 425

measurements, 417-418

neighborhoods, 420

noise reduction, 166

position information, 361

rank operations, 255

Dinstein, Haralick and, studies, 336-337

Discrete cosine transform (DC'1~, 118, 125-126

Display hardware, 623-624

Distance fade, 627

Distortion, 191-193, 199

Dithering, 87-88

Divijver and Kittler studies, 527

Division, 270-276, see also Segmentation

DOG, see Difference of Gaussians <DOG)

Doppler shift, 70

Dorrer, Zhou and, studies, 660

Dots in printing, 80, 83-88

Double thresholding, 405-408

Dougherty and Astola studies, 409

Dry ink printers, 95

Duda and Hart studies, 491, 527

Dust, 72

Dye-sublimation (diffusion) printers, 94-95

Dynamic ranging, 265

E
Edges, see also Boundaries

enhancing operator, 242

following, 368-3~9, 379

segmentation and thresholding, 379

Sobel and Kirsch operators, 232-248

Edwards studies, 149

Ehrlich studies, 417

Eight-connectedness, 376, 436

Electron microscopy, 192, 288, see also Scanni
ng

electron microscopes (BEMs); Transmission

electron microscopes (TEMs) and imaging

Electrons
diffraction patterns, 2

noise from transfers, 13

shifting, 8
well capacity, 11

Elevation, 32, 59, 69

Van den Elsen studies, 606

Embossed appearance, 672

Emerging methods, 693-694

Emission tomography, 577, see also Positron-emi
ssion

tomography (PE'1~

Engel and Massalski studies, 584

Entropy methods, 115, 362, see also specific type o
f

entropy method

Erosion
basics, 409~t13
Boolean operations, 425

measurements, 417-418

neighborhoods, 420

noise reduction, 166

position information, 361

Errors (dust related), 72, see also Defects

Euclidean distance map (EDM)

caliper dimensions, 509

edge-to-edge distances, 489

images (binary), processing, 425-444

shape, 515
standardized Euclidean distance, 539

Exner, Schwarz and, studies, 486

Expert systems, 549-550

Extremum filter, 158

F
Face-centered cubic (FCC) configuration, 605

Fahmy studies, 261

Faloutsos studies, 106

Fan-beam geometry, 578, 579

Fast Fourier transform (FF'T), 278, 300, see also 
Fourier

transforms

Feature recognition, see aCso Classification

cross-correlation, 527-529

decision points, 534-536

expert systems, 549-550

images (binary), processing, 391-405

kNN and cluster analysis, 545-548

learning systems 541-545

multidimensional classification, 536-541

neural nets, 551-553

parametric description, 529-534

Sobel operator, 241

syntactical models, 553-554

template matching, 527-529

Feature-specific measurements, see Measurements
,

feature specific

Feder studies, 261, 296, 417

Feldkamp studies, 583

Feret's diameter, 484

Fern image, 126-127

FFT, see Fast Fourier transform (FFT)

Files, 74, 100-101

Film, 9, 11, 16

Film recorders, 98-100

Filters, see specific types of filters

Firestone studies, 18

Fisher studies, 127

"Fish-finder" sonar, 70

Fitzgerald, Stark and, studies, 211

Fixed pattern noise, 17-18

Fixed-point notation, 326

Fizeau optic set, 56

Flat-bed scanners, 29

Flicker, 12, 137

Flickner studies, 106

Floating-point notation, 326

Flook studies, 417

Floppy disks, 103

"Flower" image, 126-127

Fluorescence (fluorescent microscopy)

automatic ridge-following, 369

division, 270

imaging requirements, 73

noisy images, 137

optical sectioning, 598

voxel values, 626

Focusing, 18, 38, 292-293
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Foley and Van Dain studies, 190, 606

Fourier transform infrared (FTIR) spectroscopy, 662,

see also Infrared imaging

Fourier transforms, see also Frequency space

fast Fourier transform (FF1'), 278, 300

wavelet compression, 123> 125
Fractals

analysis, 261-263

compression, 126-128, 130

measurements, feature specific, 515-519

surfaces, 694-696

Franke, Keller and, studies, 668

Frank studies, 336, 582

Frederik studies, 606

Freeman, Abbasi-Dezfouli and, studies, 660

Freeman and Davis studies, 521

Freeman studies, 374

"Freeze Frame" playback, 19

Frei and Chen algorithm, 244-246, 64/645

Frequency space

autocorrelation, 331-332

basics, 277-278

Uhlrring, 324-327
convolution, 31~-317

correlation, 328-331

deconvolution, 322-324

filtering, 297-314
Fourier transform, 278-286

frequencies and orientations, 286

imaging system characteristics, 317-321

masks, 303-309
measurements, 286-297
motion blur, 324-327
orientation and spacing, 286-290

periodic information selection, 309-314

periodic noise isolation, 297-303
template matching, 328-331

texture and fractals, 295-297

Frieden studies, 168

Frisby studies, 5
F'I'IR spectroscopy, see Fourier transfornz infrared

(~'I"IR) spectroscopy

Fu and Mui studies, 380

Fuchs studies, 623

Fudge, 556
Fukunaga studies, 380, 547
Functional parameters, 687, 691-692

Fusion, see Stereology (stereoscopy)

Fu studies, 553
Future trends, 649-650

Fuzzy classification, 380, see also Classification

Fuzzy logic, 107, 542, 550

~`J

Gamut (color range), 88, 96-97

Gaussian properties

Difference of Gaussian <DOG), 243, 247

Laplacian method, 228

neighborhood averaging, 142-149

noise reduction, 165
periodic noise isolation, 243

Gauss Jordan elimination, 567

Gentile sRidies, 117
Geographical inForination system (GIS), 100-101, 108,

606, 610
Geometrical distortion, 191-193

Gersho, Wu and, studies, 130

Gestalt theory, 4-5
Gibbs studies, 567
Global image ineasureinents, see Measurements,

global (scene-based)

Global Positioning System (GPS), 108

G1oUa1 uniformity, 71

Goh, Markiewicz and, studies, 668

Golay, Savitsky and, studies, 148, 231

Gonzalez, Tou and, studies, 553
Gonzalez and Wintz studies, 277, 380

Gonzalez and Woods studies, 73

Gordon studies, 563
Gouraud shading, 636, 676
Gowayed studies, 643
Gradient measurements, 466-469

Graphs, human reliance on, 2

Grasselli studies, 539
Gratin and Meyer studies, 647
Gravity waves, 1
Green studies, 18
Grey-scale, see also Halftoning

basics, 23-24, 208
brightness measurements, 476

converting color images, 46

Euclidean distance map (EDM), 427

histogram equalization, 214
images (binary), 172, 419

masks, 391

neighUorhoods, 420

printers, 80
subtraction effect, 181

Grigg studies, 58
Grossberg studies, 551

Grouping, 368
Gundersen and Jensen studies, 460

Gundersen studies, 400, 448
Guthrie, Arlo, 79

ri~

Haar functions, 123

Hader studies, 73
Halford and Preston studies, 647

Halftoning, see also Grey-scale

defect removal, 170

dot quality, 84
printers, 80-83

Ham studies, 583, 584

Hand-held scanners, 29

Hand studies, 527
Hannah, Quam and, studies, 602

Haralick, Zuniga and, studies, 602

Haralick and Dinstein studies, 336-337

Haralick and Shapiro studies, 380, 602

Haralick studies, 259, 260, 346

Hardware, printing, 93-98
Harmonic analysis, 519-522, 649

Hart, Duda and, studies, 491, 527
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Hartigan studies, 669
compression methods, 119

Hartley studies, 278
computer superiority, 76-77, 447, 527

Hartwick, Holt and, studies, 106
CRT images, 129

Haykin studies, 527
depth perception, 600

HCP, see Hexagonal close packed (HCP) configuration
describing shape, 514

HDTV, 15, 28, 129
edges, 224-225, 379

Hearn and Baker studies, 190, 606
grey-scale response, 84, 208

Heath studies, 229
grouping, 368

Hebbs studies, 552
human superiority, 251, 527

Heckbert algorithm, 44
information gathering, 1

Heckbert studies, 117
inhibition, 226

Heijmans studies, 154, 249
JPEG standard selection, 121

Heipke studies, 660
lighting variations, 47

Van Helden studies, 369
optical deception of, 90

Van Helleputte studies, 654
shape-from-shading, 172

Hergerl studies, 584
stereoscopy, 64-65

Herman, Milgram and, studies, 366
surfaces, 672, 693-694

Herman studies, 558
threshold value interaction, 363

Hexagonal close packed (HCP) configuration, 605
vs. imaging devices, 3-4

High-depth (resolution) images, 26-29, 58> 587-590 Hurd, Barnsley and, studies, 126, 127

High-pass filters, 226-228, 298-299
Hurst studies and operator, 261-263, 352

Hildreth, Marr and, sriidies, 225
Hwang studies, 130

Hildreth studies, 225
Hybrid parameters, 687

Histograms
cumulative, 215

'

equalization, 184, 211-219

segmentation and thresholding, 335-336, 366-367 Ichikawa studies, 105

HLS, see Hue, lightness, and saturation (HLS) channel
s Image enhancement

Holmes studies, 324 contrast manipulation, 208-211

Holograms, 2, 623 derivatives, 229-232

Holt and Hartwick studies, 106 division, 270-276

Homomorphic filter, 302 fractal analysis, 261-263

Horizontal line readout, 13 histogram equalization, 211-219

Horn studies, 600 image math, 265-266

Hough spaces, 491-496 implementation, 263 265

Hounsfield studies, 559 Laplacian, 219-229

Howard, Reed and, studies, 486 multiplication, 270-276

Howard and Reed studies, 445 rank operations, 248-257

HSI, see Hue, saturation, and intensity (HSI) channels requirements, 74

HSV, see Hue, saturation, and value (HST channels Sobel and Kirsch operators, 232-248

Huang, Yang and, snidies, 152 subtracting images, 266-269

Huang studies, 152, 603 textures, 257-261

Hubble telescope, 10, 310 Images, processing

Hubei studies, 5 Boolean operations, 383-389

Hue, lightness, and saturation (HLS) channels, 41 boundary lines, 439-442

Hue, saturation, and intensity (HSI) channels closing, 410-413

color median filters, 154 color spaces, 42

color spaces, 41-44 Custer, 425

contrast expansion, 133 dilation, 409-410, 417-418

histogram equalization, 212 double thresholding, 405-408

JPEG compression, 118, 120 erosion, 409-410, 417-418

RGB conversion, 480 Euclidean distance map (EDM), 425~t44

segmentation and thresholding, 337-338 features, 391-405

Sobel and Kirsch operators, 238
grey-scale images, 419

two-dimensional thresholds, 338-343 grouping pixels, 391-397

Hue, saturation, and value (HST channels, 41
isotropy, 413-416

Huffman coding, 113-115
masks, 389-391

Human vision
measurements, 417-418

blur vs. noise, 325
neighborhood parameters, 420-425

boundaries, 248
opening, 410-413

brightness perception, 9, 23
skeletonization, 435-436, 442 44

cartoons and line drawings, 225
thickening, 439 42

colors, 351
three-dimensional, 643-647
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ultimate eroded points, 434 digital camera 1unitations, 36-37

watershed segmentation, 429-433 storage, 118-123

Imaging, see also Three-dimensional imaging two-dimensional images, 605

bandwidth limitations, 18-20 Joshi and Miller studies, 324

cameras, 8-18, 36-39
color images, 30-52 K

electronics, 18-20
focusing, 18 Kacmarz' method, 565

geometries, 578-580 Kaes studies, 647

grey-scale resolution, 23-24 Kak, Rosenfeld and, studies, 73, 380, 427

high-depth images, 26-29 Kak and Slaney studies, 558

image types, 52-54 Kang studies, 93

imaging requirements, 71-77 Kanpur studies, 362

limitations, 36-39 Karssemeijer studies, 535

math, 265-266 Kass studies, 379

multiple images, 59-64 Kayaalp and Jain studies, 601

noise, 24-26 Kaye studies, 418

peels, 20-23 Keating studies, 628

range imaging, 54-59 Keller and Franke studies, 668

representation, 373-376 Keller studies, 668

requirements, 71-77 Van Kempen studies, 324

stereoscopy, 64-71 Kernel operations, 140-151, 314-317

types, 52-54 Key frames, 129-130

video cameras, 6-7 Keyword database searches, 105, 107-108, 111

Imaging system characteristics, 317-321 Khadivi studies, 127

Imposed criteria, 53z, see also Classification Kim studies, 392

Information, image reliance on, 1-5 Kingsbury, Young and, studies, 119

Infrared imaging, 479, 662, 664 Kinney studies, 587

Ink-jet printers, 95-9g Kirsch operator, 232-248

Inoue studies, 77, 476 Kittler, Divijver and, studies, 527

Interferometric light microscope Kittler studies, 335

AFM comparison, 58-59 k-nearest neighbor (kNN ), 545-548

contours, 371 Kober studies, 158

noncontacting measurements, 658 Koch snowflake, 517

range imaging, 55-56, 664-665 Kolinogorov dimension, 517

Interlace scans, 12, 16, 19> 28 Kriete studies, 73, 591

Interpolation Kurzydlowski and Ralph sRidies, 445

Bayer pattern, 15 Kuwahara studies, 170

camera resolution, 15
defects, correcting, 167-168 L

three-dimensional data sets, 608
Ion mass spectroscopy, G68 Lagendijk and Bieinond studies, 324

Ishtar Tena (Venus), 632 LaGrange multipliers, 568

Isoelevation lines, 671 Landsat images, see also Satellite imaging

Isotropic, uniform, random (IUR) requirement, 451, classification methods, 539-540

461, 466 67 composition map processing, 668

Isotropy, 413 16 compression, 112-113
division, 270-271

J multiple, 59
Landweber iteration, 323

Jahne studies, 52 Language rules, natural, 109

Jain, Kayaalp and, studies, 601 Lan studies, 435

Jain studies, 277, 621 Lantejoul, Beecher and, studies, 430

James studies, 547 Lantejoul and Beecher studies, 430

Janesick studies, 13 Laplacian method

Jaynes studies, 170, 567 Canny filter, 247, 510

Jenkins, Briarty and, studies, 591 derivatives, 229

Jensen, Gundersen and, studies, 460 image enhancement, 219-229

jernot studies, 430 image math, 266

Johnson and Capowski studies, 591 periodic noise isolation, 298

Johnson studies, 587 sharpening effect, 242

Joint Photographers Expert Group (JPEG) standard, subtraction, 243

see also Compression texture values, 347

codecs, 128 Laser printers, color, 94
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Learning systems, 541-545 Masks, 303-309, 389-391

Ledley studies, 44
Massalski, Engel and, studies, 584

Lee studies, 335 Mastro st~idies, 165

Lempel-Ziv(-Welch) technique, 116 Maximum entropy methods, 168-170, 323, 567-568

Length, 457-459, see also Caliper dimensions Maximum likelihood methods, 170-171

Lettvin studies, 551 McAulay studies, 123

Levialdi studies, 392 McCulloch-Pitts model, 551

Lichtenbelt shidies, 73 Measurements, feature specific

Light microscopy, 54-55, see also specific type of brightness, 475 80

microscopy caliper dimensions, 507-509

Lineberry studies, 238 circles anti ellipses, 505-506

Lin studies, 620 counting, 496-502

Liquid crystal display (LCD), 50-52, 88 describing shape, 512-515

Li studies, 130 fractal dimension, 515-519

Lobregt studies, 647 harmonic analysis, 519-522

Local equalization, 218-219 location, 481-484

Local variations sensitivity, 71-72 neighbor relationships, 491-496

Location measurements, 481-484 orientation, 484-486

Logan, Shepp and, studies, 573 perimeter, 509-512

Lookup tables (LUTs) size, 502-505

color image reduction, 44 three-dimensional, 523-526, 647

color substitution, 32 topology, 522-523

contrast manipulation, 208 Measurements, general

high depth images, 26-27 frequency space, 286-297

histogram equalization, 217 images (binary), processing, 417-418

homomorphic filter, 302 imaging requirements, 72-73, 75

reduced color palettes, 117 resolution, 294

Sobel and Kirsch operators, 235 three-dimensional images, 647-649

surfaces, 636-637 Measurements, global (scene-based)

textural orientation, 353 anisotropy, 466-469

Lossless coding, storage, 111-117 ASTM grain size, 453-456

Low-pass filters, 226-228, 298-299 basics, 445 50

Lu, Wen and, studies, 130 curvature, connectivity, and Bisector, 464-466

LUTs, see Lookup tables (LUTs) determining number, 461-464

gradients, 466-469

M length, 457-459
sampling strategies, 459-461

Mach bands, 225
size distributions, 469 71

MacQueen studies, 669
stereology, 445-450, 471-473

Macroscopic camera applications, 18
surfaces, 450 53, 456-457

Magnetic recordings, storage, 103-104
three-dimensional images, 647-648

Magnetic resonance images (MRIs)
Mecholsky and Passoja studies, 261

data sets, 613
Mecholsky st~idies, 261

multiple images, 63
Medial axis transform (MA1~, 436

pseudo-rotation views, 644
Median filters

reconstruction, 580
color correction, 186

resectioning, 608
neighborhood ranking, 152-158

segmentation and thresholding, 336
rank leveling, 180

three-dimensional data sets, 606
rank operations, 249

volume fraction, 460
speckle noise, 355

volumetric imaging, 462
subtraction, 266

Mahalandobis distance, 538-539, 548
Media storage, 101-103

Mallat studies, 123
Medical imaging, see specific type of imaging

Malzbender studies, 673
Medioni and Navatia studies, 601

Mammograms, 535-536
Mendelsohn, Prewitt and, studies, 335

Mandelbrot studies, 261, 417, 694
Mercator's projection, 188

DeMandolx and Davoust studies, 669
Metallographic imaging, 595

Mann studies, 557
Metrology, 660

Markiewicz and Goh studies, 668 Mexican hat (sombero) operator, 247

Marr and Hildreth studies,.225, 244, 247 Michelson-Morley interferometer, 658

Marr and Poggio studies, 601 Microscopic camera applications, 18

Marr studies, 5, 225, 243 Microstructural research, 75

De Marsicoi studies, 106 Milgram and Herman studies, 366
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Milgram studies, 194

Miller, Joshi and, studies, 324

Minkowski methods, 417, 517, 696-698

Minsky and Papert studies, 551

Mirau optic set, 56

Mirrors (prisms), 658, 659

Mitchell and Bonnell studies, 296

Mode filter, 157
Moire patterns, 308

Monck studies, 324

Monitors (computer), 15-16, 50-52

Moravec studies, 602

Morphology (morphing), 202-205, 409, 420-425

Morse code, 113
Motif approach, 685

Motion, see Sequential images

Motion blur, 324-327, see also Blurring

Motion flow technique, 60, 65

Mott-Smith studies, 436

Mott studies, 669

Movies, digital, 128-130, 160, 205

Moving Pictures Expert Group (MPEG) standard,

129-130,605-606

MP3 format, 129
MRIs, see Magnetic resonance images (MRIs)

Mui, Fu and, studies, 380

Multiband images, 336-338

MultiUand thresholding, 341-346

Multidimensional classification, 536-541

Multiple images, 59-64

Multiplication, 270-276

MuyUridge, Eadweard, 609

Myler and Weeks studies, 73

Nathan and Curlander studies, 165

National Television Systems Committee (NTSC), 28,

33-35
Natterer and Wubbeling studies, 558

Natterer studies, 558

Natural language riles, 109

Navatia and Medoni and, studies, 601

Neal studies, 510

Negoita and Ralescu studies, 542

Neighborhood techniques

defects, correcting, 140-167

fi•actal analysis, 261-262

histogram equalization, 217-219

isotropy, 413-~16

measurements, 358, 491-496

method implementation, 263-265

morphology, 420-425

nearest neighbor measurements, 140-167

rank operations, 249

shape of edge-finding operations, 247

time requirements, 646

Neural networks, 551-553

Nevatia and Babu studies, 435

Niblack studies, 106

Nieminen studies, 157

Nikolaidis and Pitas studies, 73, 644

Nobel prize, 559
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Noise
basics, 24--26

complementary metal oxide semiconductor

(CMOs) cameras, 17-18

defects, correcting, 137-140

electron transfers, 13

filtering images, 297-303

fixed pattern noise (FPN), 17-18

position information, 360

scanners, 29

spikes, 298, 303> 305

Weiner deconvolution, 322-324

Noncontacting measurements, 657-659

Non-planar view defects, 188-189

Nonuniform ilhimination, 171-174

NTSC, see National Television Systems Committee

(NTSC)

Nuts learning systems example, 542-544

Nyquist frequency, 279

❑~

Object motion measurement, 268

O'Callaghan studies, 360

Oistamo and Neuvo studies, 154

Oldham studies, 585

Olsson studies, 247, 407

Olympic filter, 162

Opal phytoliths, 544-545

Opaque properties, 465-466, 556, 598-600

Opening (erosion/dilation), 410-413

Optical character recognition (OCR), 527-528

Optical density, 476

Optical sectioning, 61, 596-598

Orientation, 286-290, 484-486

Otsu studies, 335, 364

Outlining of regions, 167

Out-of-focus, see Bh~rring

Overshooting, 225-226

P

Palettes, reduced color, 117-118

PAL (European) television, 18

Pancorbo studies, 58

Panda and Rosenfeld studies, 349

Pao studies, 527

Pap smears, 535-536

Parallax (vergence), 65

Parametric description, features, 529-534

Parker studies, 73, 364 
j

Parzen window fiinction, 299 
{

Passoja, Mecholsky and, studies, 261 
~

Pavlidis studies, 73, 435, 553

Pearsall studies, 545

Peleg studies, 261

Pentland studies, 105, 261, 547, 600, 659

Perimeter, features, 509-512

Periodic information selection, 309-314

Periodic noise isolation, 297-303

PET, see Positron-emission tomography (PETS

Pfalz graph, 693

~~
r.
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Phong shading, 673, 676

Photo-CD (Kodak)

file storage, 101

JPEG comparison, 119, 120

multiple resolution versions, 109

Physical sectioning, 596

PhytolidZs, 544-545

PICT standard format, 110, 116

Piezo device, 16

Piperno studies, 545

Pitas, Nikolaidis and, snidies, 73, 644

Pitas studies, 73
Pixels, see also Resolution

basics, 20-23
calibration, 481

cameras, 8, 10, 15

compression, 112

direction information, 239-240

fractal analysis, 261

grouping, 391-397, 392

HDTV, 28

histograms, 217, 366

image enhancement, 74

imaging systems, 375, 505

neighborhood ranking, 152

printing, 79
rounded address values, 199

shuttering problems, 12

speckle (random noise), 320, 355

two-dimensional images, 207

voxels comparison, 62

Plane photography, see Aerial photography

Point operations, 134

Point spread function (PSF), 318, 3z1-32z

Poisson distribution, 487

Polarized light microscopy, 272

Polaroid instant prints, 82

Polynominal curves, 508

Population classes, 537-541

"Portrait of a Lady," 18G

Position information, 359-366

Positron-emission tomography (PE'1~, 579-580, 606,

see also Emission tomography

Posterization, 216

PostScript language, 79, 86

Power spectrum (spectral density), 279, see also

Frequency space

Pratt studies, 73, 277, 380

Predictive vector quantization, 130

Preferred orientation, 290-295

Presentation, surfaces, 669-674

Preston, Halford and, studies, 647

Prettyman studies, 573

Prewitt and Mendelsohn studies, 335

Printers, 79--83> 93-98

Printing
basics, 79-83
color, 88-93

dots, 83-88

hardware, 93-98

Processing images, see Images, processing

Profile measurements, surfaces, 683-686

Profilometers

physical contact, 654-655

range imaging, 54-55, 665

technology comparison, 28

Progressive scans, 16, 28

PSD standard format, 110

Pseudo-color

grey-scale value, 54

lookup tables, 211

multiply connected surfaces, 642-643

pixel value changes, 31-32

three-dimensional images, 615

PSF, see Point spread function (PSF)

Pythagorean distance, 427 28, 510

~~

QBIC, see Query by image content <QBIC)

Quality control applications, 75, 268, 660

Quam and Hannah studies, 602

Quate studies, 654

Query by image content (QBIC), 105-106

Quicktime movies, 128, 609

R

Radar imaging, see Synthetic aperture radar ($AR)

RAID, see Redundant hard disks (RAID)

Ralescu, Negoita and, studies, 542

Ralph, Kurzydlowski and, studies, 445

Ramanesh studies, 15

Random pixel noise (speckle), 320, 355

Range imaging, 54-59, 664-668

Rank leveling, 179-181

Rank operations, 248-257, 258, 646

Ray tracing, 624-628, 673

Readout noise reduction, 13

"Real time" imaging, 25

Reconnaissance photos, see Aerial photography

Reconstniction, three-dimensional images, 558-567, 589

Red, green, blue (RGB) signals

color median filters, 134

color printing, 88-90

color space, 40-46

contrast expansion, 133

histogram equalization, 212

ink-jet printers, 96

reduced color palettes, 117

thresholding, 337-338

two-dimensional thresholds, 338-343

Reddy and Chatterji studies, 606

Reduced color palettes, 117-118

Redundant hard disks (RAID), 104

Reed, Howard and, studies, 445

Reed and Howard studies, 486

Reed studies, 487

Reeves studies, 278, 379

Reflection, 628-633

Region-growing method, 378-379

Reiss studies, 58

Remote sensing, 534, 539, 668

Rendering surfaces, 674-677

Reproducibility, 357-359
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Rescaled range analysis, 261

Resolution, 15-16, 99, see also High-depth (resolution)

images; Pixels
RGB signals, see Red, green, blue (RGB) signals

Rhines, Delzoff and, studies, 445
Richardson studies and methods, 324, 516, 517, 694, 697

Ridge-finding algoritkun, 253
Rigaut studies, 335
Ringing reduction, 300
Ritter and Wilson studies, 73, 435
Ritter studies, 392
Roberts' Cross operator

derivatives, 231-232
neighborhood implementation, 264

Sobel and Kirsch operators, 235> 247

Roberts studies, 529> 600

Robinson studies, 55
Rock studies, 5
Rolling ball filter, 16Cr-167, 252, 255
Rolston studies, 549
Rosen and Crafoord studies, 685
Rosenblatt studies, 551
Rosenfeld, Panda and, studies, 349

Rosenfeld, Weszka and, studies, 366

Rosenfeld and Kak studies, 73, 380, 427

Rotini noodles, 556
Rovner, Russ and, studies, 544

Rovner studies, 545
Rubber-band Uoundary, 504, see also Boundaries

Rubber-sheeting, see Warping

Rui studies, 105
Rumelhart studies, 552
Run-length encoding (RLE)

lossless coding, 116
storage, 110, 373-374
touching of pi~cels, 392
two-dimensional images, 605

Russ and Dehoff studies, 445
Russ and Rovner studies, 544

Russ and Russ studies
perimeter length change, 363

Pythagorean distances, 428

segmentation, 430
threshold settings, 335
topological properties, 649

Russell and Batchelor studies, 654

Russ studies
asbestos fiber identification, 495
Uoundary as fractal, 417
color median filter, 154
cone-beam geometry, 587
digital imaging processing, 73
erosion, 435
Euclidean distance map (EDM), 434

forgery detection, 391

fi•actal dimensions, 296, 695
grey scale values, 46
grid superimposition, 397
hole filling, 433
Hough transform, 495
nearest-neighbor distance method, 487

resealed range analysis, 261

segmentation, 380

stereological methods, 445
surfaces, 659, 698
threshold settings, 335
weight values, 142

.~

Sabins studies, 77, 271, 539
Sahoo studies, 335
Sampling strategies, 459-461

Sanchez and Canton studies, 73

Sanchez and Zadeh studies, 542

SAR, see Synthetic aperture radar (SAR)

Sartor and Weeks studies, 154

Satellite imaging, see also Aerial photography;

Astronomical imaging; Landsat images;

Weather imaging
alignment, 195
Boolean operations, 387
classification, 379-380
color shading, 181, 184
geographical information system (GIS), 100

geometrical distortion, 191
GOES satellite, 188
ice floe tracking, 268
multiple images, 60
remote sensing classification, 534

subtraction, 268
texture, 259
two-dimensional thresholding, 340

Savitsky and Golay studies, 148-149, 231

Scanners, 29
Scanning electron microscopes (BEMs)

Boolean operations, 387
brightness measurements, 479
color imaging, 30
distortion, 191, 201
filling holes, 393
fiactal surface dimensions, 296
grey-scale images, 24
image types, 53
imaging requirements, 73
inultiband thresholding, 344
multiple images, 59
noisy images, 139-140
nonuniform illumination, 173
particle selection, 400
physical contact, 654
Polaroid instant prints, 82
profile measurements, 683
range imaging, 54
rank leveling, 179
stereoscopy, 66, 69, 600, 661
surfaces, 660, 681-683
technology comparison, 28
voxel values, G26

Scanning tunneling microscopes (STMs)

contours, 371
high-resolution limit, 58
image types, 54
operational mode, 656
physical contact, 654
technology comparison, 28-29

Schalkoff studies, 527, 553

728 The Image Proeessing Handbook
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Schneberk studies, 573
Schwarz and Exner studies, 418, 486

Scientific applications, see Astronomical imaging

Scott studies, 693
Screen angles, 92
Secondary ion mass spectrometer (SIMs)

color usage, 615
multiple images, 61, 62

sequential removal, 599
surface composition, 662
three-dimensional images, 592

Section planes, arbitrary, 611-614

Segmentation, see also Division; Thresholding

accuracy, 357-359
boundary lines, 367-370
classification problem, 379-381

contours, 370-373
edge following, 379
histograms, 366-367
image representation, 373-376

multiband images, 336-338

multiband thresholding, 341-346

positzon information, 359-366
region-growing method, 378-379

reproducibility, 357-359
split-and-merge method, 37Cr378

textural orientation, 352-357
thresh~lding,333-33~
thresholding from texture, 346-349

two-dimensional thresholds, 338-341

Seismographs, 585-587, 628

SEMs, see Scanning electron microscopes (BEMs)

Sensitivity, local variations, 71-72

Sequential images, 130, 609, see also Digital movies

Sequential removal, 598-600

Serial sections, 331, 462, 592-596

Serra studies, 409, 420, 439
Seul studies, 73
Shape measurements, 512-515
Shapiro, Haralick and, studies, 380, 602

Shapiro studies, 487
Sharpening filter, 266
Shepp and Logan studies, 573
Shih studies, 583
Shutters, 12, 25-26
SIMs, see Secondary ion mass spectrometer (SIMs)

Single-line charge-coupled device, 27

Single-photon emission spectroscopy (SPECT~,

579-580
Size distributions

measurements, global, 469-471

Size (measurements), feature specific, 502-505

Skeletonization
basics, 435 36
caliper dimensions, 508
double thresholding, 407
rank operations, 255
skiz, 438, 443, 489
three-dimensional, 647

Skilling, Bryan and, shidies, 170

Skilling studies, 168
Skiz, 438, 443, 489, see also Skeletonization

Blaney, Kak and, studies, 558

Slatter studies, 549
Slit-island method, 697-698
Sloan, Barnsley and, studies, 127
Smeulders studies, 508
Smith studies, 52, 583
Smolka studies, 157
Smoothing, see also Blurring

convolution, 314
halftone images, 308
neighborhood averaging, 149

noise reduction, 162

Snakes, 369, 379
Snoopy posters, 80
Snow White, 100
Snyder studies, 324
Sobel operator

image enhancement, 232-248

neighborhood implementation, 264

texture, 347, 352
three-dimensional version, 645
thresholding, 357

Soille studies, 409
Solid-state chip cameras, 8, see also Charge-coupled

device (CCD) cameras

Sonar images, 1-2, 70
Sonka studies, 73
Sound wave (ultrasound) imaging, 557-558> 628

Space applications, see Astronomical imaging

Spacing (frequency space), 286-290

Spann, Wilson and, studies, 376

Spatial parameters, 687
Speckle (random pixel noise), 320, 355

Spectral density (power spectnim), 279, see also

Frequency space

Spectral response, chip cameras, 9

Split-and-merge method, 376-378, 641

Srinivasan studies, 261

Stanford, Leland, Jr., 609
Stark and Fitzgerald studies, 211

Stedman, Margaret, 656
Steel, Bright and, studies, 250

Stefik studies, 527
Stereology (stereoscopy)

basics, 64-71
curvature, 464
IUR sampling, 461
line length, 396-397
measurements, global, 445-450, 471-473

scanning electron microscopes (BEMs), 66, G9,

600, 661
surfaces, 660-661
three-dimensional images, 600-604, 618-622

volumetric imaging, 462

Sterio studies, 405, 465
StewarC and Burnett studies, 585
STMs, see Scanning tunneling microscopes (STMs)

Stone st~idies, 88
Storage

backup copies, 104
browsing, 108-111
databases, 104-108
digital movies, 128-130
files, 100-101
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film recorders, 98-1Q0

fractal compression, 126-128, 130

imaging requirements, 74

JPEG compression, 118-123

lossless coding, 111-117

magnetic recording, 103-104

media, 101-103
reduced color palettes, 117-118

thumbnails, 108-111

wavelet compression, 123-126

Storer studies, 116

Stout studies, 686

Stroboscopic imaging, 25

Stylus instruments, see Profilozneters

Subsampling, color, 33

Subtraction

background, 173
color printing, 89

dynamic range usage, 181

image enhancement, 266-269

rank operations, 255

Superimposing information, 265-266, 397, 447

Supervised classification, 532, see also Classification

Suppression operator, 253, see also Top hat filter

Surfaces
Birmingham measurement suite, 687-693

change tree, 693-694

composition imaging, 662-664, 668-669

contacting measurements, 653-657

convex, 393
curvature, 464

data analysis, 677-683

emerging methods, 693-694

encoding elevation, 32

fi•actals, 295-296, 694-696

light, 658-659
measurements, global, 450-453, 456-457

microscopy, 659-662

Minkowski methods, 696-698

multiply connected, 639-643

noncontacting measurements, 657-659

presentation, 669-674

processing, 664-669

production processes, 651-653

profile measurements, 683-686

range images, 664-668

rendering, 674-677

roughness, 685, 693-696

slit-island method, 697-698

three-dimensional images, 633-643

topographic analysis, 693-698

uniformity requirements, 71

visualization, 669-677

Surveillance tapes, 160

Swing studies, 476

Syntactical models, 553-554

Synthetic aperture radar (SAR)

contours, 371, 632

noise-reduction, 165

stereoscopy, 69-70
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T
Tagged image file format (TIFF) standard, 110, 116,

664

Talbott studies, 437
Tape drives, 103
Tapping anode, 655
Taut-string boundary, 504, see also Boundaries

Template matching
cross-correlation, 528

derivative operations, 244

feature recognition and classification, 527-529

frequency space, 3z8-331

neighborhoods, 420

time requirements, 646

TEMs, see Transmission electron microscopes (TEMs)

and imaging

Textures
frequency space, 295-297

image enhancement, 257-261

orientation, 352-357

Thermal Infrared Multispectral Mapper satellite, 271,

see also Satellite imaging

Thickening, 439-442

35mm film, 16, 326

Thomas studies, 685
Thompson, Barnard and, studies, 660

Thompson studies, 192

Three-dimensional imaging, see also Imaging

algebraic reconstruction, 563-567

beam hardening, 573-578

color space, 338
defects, 568-572
feature specific measurements, 523-526

image geometries, 578-580

maximum entropy, 567-568

multiple images, 60
reconstruction, 558-567, 568-572

requirements, 75
tomography, 580-590

visualizing, 591-650
volume vs. sections, 555-558

voxel resolution, 525
Thresholding, see also Segmentation

basics, 333-336
double, 405-408
rank operations, 251, 255
region selection, 167
subtraction, 266
from texture, 346-349

Thumbnails, 108-111

TIFF standard, see Tagged image file format (TIFF)

standard

Trine-lapse photography, 25
Time sequence multiple images, 60

Toggle filter, 158
Tomography

high resohition, 587-590

reconstruction, 560, 568
three-dimensional images, 580-587, 591

Top hat filter
feature-matching, 502

fi•equency space, 305, 308
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noise reduction, 166-167

rank operations, 250-253

sharpening images, 313-314

Topology, 522-523, 649, 693-698

Tou and Gonzalez studies, 553

Touching (features), 429-433, 497

Toy Story, 100

Transfer and readout process, 12, 13

Transforms

background fitting, 177

compression, 304

discrete cosine transform (DC'I'), 118, 125-126

fast Fourier transform (FF'1~, 278

Fourier, 123, 125
Hough, 495
medial axis transform (MAT), 436

neighUorhood averaging, 149

voxels, three-dimensional, 278

Transmission electron microscopes (TEMs) anti

imaging

alignment, 491

color imaging, 30

counting particles, 502

image types, 52

nonuniform illumination, 172-173

peak location measurement, 287

periodic information selection, 309-310

preferred orientation, 291

rank leveling, 179, 180

serial sections, 291

stereoscopy, 602-603

Tristimulus correction, 47-50

Trussell studies, 364, 366

Tube-type cameras, 7

Tukey, Cooley and, sttidies, 278

Tu studies, 44

Twiss studies, 545

Two-and-one-half dimension, 172

Two-dimensional arrays, 27

Two-dimensional images, see Imaging

Two-dimensional thresholds, 338-341

U

Ultimate eroded points <UEPs)

basics, 434

convex shapes, 484

medial axis transform (MA'1~, 436

three-dimensional skeletonization, 647

watershed segmentation, 430 31

Ultrasound (sound wave) imaging, 557-558, 628

Umbaugh studies, 73

Undershooting, 225-226

Underwood and Banerji studies, 261

Underwood studies, 445

Unfolding, 471-473, see also

Stereology (stereoscopy)

Uniformity of surfaces, 71

Universal Product Codes (UPCs), 527

Unsharp masking, 27, 242-243, 251

Unsupervised classification, 532, see also Classification

V

Vannier, Wang and, studies, 587

Variable length coding, 113

Variations sensitivity, 71-72

Varifocal mirror, 623

Varnish, 186
Verly and Delanoy studies, 257

Vertical sectioning, 452, 467

Video cameras

absolute color information, 20

acquiring images, 6-7, 25

brightness measurements, 476

HDTV quality, 15

image resolution, 15

noisy images, 138

pixels, 22
sensors, 27
voltage, 6-7, 18

Video conferencing, 38

Video for Windows, 128

Video line noise, 160

Video recorders, 36

Vidicon, 6
Villarrubia studies, 668

Virtual nodes, 437-438

Virtual reality in movies, 100

Visibility, contrast manipulation, 210

Visualization
scientific applications, 32

software programs, 346, 625

surfaces, 669-677

Visualizing three-dimensional images

color, 615
data sets, 604-611

data sources, 591-592

display hardware, 623-624

future trends, 649-650

history, 624

image processing, 643-647

measurements, 647-649

optical sectioning, 596-598

ray tracing, 624-628

reflection, 628-633
section planes, arbitrary, 611-614

sequential removal, 598-600

serial sections, 592-596

stereo measurement, 600-604

stereo viewing, 618-622

surfaces, 633-643
volumetric display, 615-618

Voltage, 6-7, 23
Volume elements, see Voxels (volume elements)

Volume fraction, 448

Volumetric display, 615-618

Volume vs. sections, 555-558

Voronoi tesselation, 203, 489

Voxels (volume elements)

algebraic reconstruction technique (AR'1~,

566-567, 583

boundaries, 379

multiple images, 62-63
pixels comparison, 62
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three-dimensional images, 524> 525, 604-605 Wilson and Spann studies, 376

three-dimensional transforms, 278
Winstanley studies, 549

Wintz, Gonzalez and, studies, 277, 380

W Wolf studies, 335
Wong studies, 660

Van der Waals forces, 655
Woodham studies, 600

Wall studies, 362
Woods, Gonzalez and, studies, 73

Walters studies, 549
Wrobel studies, 660

Wang and Vannier studies, 587
Wu and Gersho studies, 130

Wang studies, 581, 660
Wubbeling, Natterer and, studies, 558

Warping
alignment, 194

X

imaging requirements, 73

interpolation, 200 ~ X-ray energy spectroscopy, 668

morphing, 202
X-rays, 573-574

square pixels, 505
X-ray tomography, 63, 558

subtraction, 268

Watershed segmentation, 429-433, 500
Y

Wavelet compression, 123-126

Weather imaging, see also Satellite imaging Yager studies, 364

data sets, 609 Yakimovsky studies, 377

maps, 2 Yang and Huang studies, 152

multiple images, 60 Yang studies, 488

nonuniform illumination, 172 YIQ/YW color, 40, 117, 212

Weeks, Myler and, studies, 73 York studies, 557

Weeks, Sartor and, studies, 154 Yoshitaka studies, 105

Weeks studies, 73 Young and Kingsbury studies, 119

Weibel studies, 445, 471

Welch and Harming window functions, 299
z

Welstead studies, 123

Wen and Lu studies, 130 Zadeh, Sanchez and, studies, 542

West studies, 606 Zadeh studies, 542
Weszka and Rosenfeld studies, 366 Zhdan, Castle and, studies, 654

Weszka studies, 259, 335, 362 Zhou and Dorrer studies, 660

Whitehouse studies, 685 Zimmerman studies, 542

Wickramasinghe studies, 56, 654 Zip disks, 103
Wiener methods, 322-324, 620 Zucker studies, 379
Wilson, Ritter and, studies, 73> 435 Zuniga and Haralick studies, 602
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The Ima e Processing g
Tool I~it CD-ROM

This indispensable set of PhotoshopTM compatible

plug-ins delivers an impressive array of tools

implementing methods in the Handbook to help

you process and measure your images. It gives

the familiar envirorunent of Photoshop the

analytical power of dedicated programs costing

thousands more.

• Methods for correcting imaging defects

• Selective image enhancement

• Segmentation

• Morphological processing of binary images

• Global and feature-specific measurements

• Fourier image processing

• Comprehensive manual

• On-line technical support

• Macintosh and Windows compatibility.

For more information go to http://www ReindeerGraphics.com

e~~O~OO O~ SPECIAL OFFERt

tMSRP US$249.95. The Image Processing Tool Kit is

US$199.95 with this special offer.

Name
Please print clearly

Company/Institution

Address

City State Zip

Country

Signature Date

Telephone No. ( )

FedEx Number (For Faster Shipping)

ON ALL ORDERS SIGNATURE AND TELEPHONE NO. REQUIRED

FEATURES

• Provides balanced and complete access

to frequency space methods with

easy-to-use tools

• Presents comprehensive selection of

different tools for image processing ~

operations

• Requires only a modest technical

background in mathematics or

computers

CONTENTS

> 175 Plug-ins
Tools for everything from image

adjustment and processing to

measurement and rendering

> 300 Test Images, including

many from the Handbook

(plus use your own images)

> 500 Page Electronic Tutorial

that complements the Handbook

❑ Please send me copy(ies) of

THE IMAGE PROCESSING

TOOL KIT CD-ROM

Catalog no. IPTK-CD at $199.95

(MSRP US$249.95) each. Shipping via
First Class Mail is provided. Add 6.5%

sales tax in North Carolina.

❑ Visa ❑Mastercard ❑Check

Credit Card Number

Exp. Date (M/Y)

m m

Verification code:

On the backside of your credit card, in the signature area

there is a 3•digit number. Please provide it here.

ALL ORDERS: 
v-coae

Prices quoted are in U.S. dollars and are subject to change.

Shipping via First Class Mail (Air Mail) is provided. If you

require faster shipping, please provide your FedEx number

with the order.
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Order- now and save $50.00 ofd
the re ular rice.g p

Special offer for the

Image Processing Tool Kit CD-ROM

For more information on the software,

visit us at our

web site!
http://www.ReindeerGraphics.com

90-DAY MATERIALS WARF~ANTY: Reindeer Games, Inc. makes no Warranty as to the fitness of the

software for your particular task. Reindeer Games, Inc. DOES warrant the materials from defects for a period of

90-Days after purchase and will replace any defective product in that period of time. No returns except for

defective materials requiring replacement will be accepted.

Mail or FAX your order to:

IPTKmCD SPECIAL ORDER, 4th ED.

REINDEER GAMES, INC.

P. O. BOX 37188

Raleigh, NC 27627

FAX: 828/252-7516, for faster service

mrush
Sticky Note
None set by mrush

mrush
Sticky Note
MigrationNone set by mrush

mrush
Sticky Note
Unmarked set by mrush



Electrical Engineering
Computer Graphics

"Ei~ery person u~ho uses computer
 inurge processing...i~~ho

is plarulirig to use image pi~ocessi
ng...~~~ho is ini~oli~ed in

the pitrchnse of crnnputer s~~sten~.s 
or softli~nre that iiu~oli~e

i~tiage processi~ig...shrntld read t
his book. ~=~~id if you are

riot iii one of the above groups, y
ou might ~varlt to read

it CYlly'1L'Cly'.~~

I~~licroscopy Research and Tecluli
que

(oil the third edirioil)

First published in 1 J)2, The Image
 Processing Hnndbook

not ~~nlj~ set the standlyd for ~~r~,fe
ssional references in this

fiel~~, brit also pro~-i~~e~~ the first t
eat trul}• accessible to

underQra~~uate stu~~ents and 
non-speciali,ts. Each

subse~~uent edition has reelect
ed the contiilttiit~ raid

ad~~ances in image ~~roces~ing, ~111~~
 Cl1e tOLlTCl1 ~l~1t1011 1S 1

10

exception. In fact, its broader scope
, increased de~~th, and

logical ~~resei~tation snake the fou
rth e~~itiun, more than

ever, a p~~~verfiil teaching tool, ~
5S~11Cl~ll P~f~1~11C~, an~~

11a11C~y C0111~~all1011 t0
1 L~OCIl 11eW a11C~ ~Y~leT

lellC~c~ lill~l~e

~~rocessors an~~ arialysCs.

Highlights of the Fourth Edition

• Digital cameras and printers—Ette
nsi~~e discussi~,n

of their characteristics and influen
ce on image

processing

• Image restoration and deblurri
ng—A ne~v section

providing user-oriented informati
on ~~n ho«~ to do it

well

• Stereology—A new chapter that ma
kes clear the links

betweeiz stereology and automatic
 image analysis

• Feature classification and icleiiti
fication .=~ ne~~~

chapter that demystifies the subje
ct an~~ Clli11~~~11~5

expert systems, fuzzy logic, neural 
nets, learnin~~

iiiel-hods, and syntactical r~c~~cri~~t
ion

• Almost 2000 illustrations, most 
in fill color!

Virtually ever}- chapter has been u~
~~~ate~~, 111~111y ~~uite.

~\C~11S1~'~l~', 'c111C~ 'c1111L11
tLCUl~e Uf 11~1~' 1111~1a~S flll'

C11~1 ~1111~111Ce

C17~ ~)L1CSC~Zil~~l11~ C~aCll-l
~~"~~\~llll~~le present~ltiun. The fourth

edition ~~~ill «n~~oul~te~~l}' C1111[lllll
l' this han~~book's reign

as the ~~relnier res~~urce for the fie
ld ~~f image ~~rocessing.
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