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Pyramid methods in image processing

The image pyramid offers a flexible, convenient multiresolution
format that mirrors the multiple scales of processing in the

human visual system.

Digital image processing is being used in
many domains today. In image enhance-
ment, for example, a variety of methods
now exist for removing image degrada
tions and emphasizing important image in-
formation, and in computer graphics, dig-
ital images can be generated, modified, and
combined for a wide variety of visual
effects. In data compression, images may be
efficiently stored and transmitted if trans-
lated into a compact digital code. In ma
chine vision, automatic inspection systems
and robots can make simple decisions based
on the digitized input from a television
camera.

But digital image processing is still in a
developing state. In all of the areas just
mentioned, many important problems re-
main to be solved. Perhaps this is most
obvious in the case of machine vision: we
still do not know how to build machines
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that can perform most of the routine vis-
ual tasks that humans do effortlessly.

It is becoming increasingly clear that
the format used to represent image data
can be as critical in image processing as
the algorithms applied to the data A dig-
ital image is initially encoded as an array
of pixel intensities, but this raw format is
not suited to most tasks. Alternatively, an
image may be represented by its Fourier
transform, with operations applied to the
transform coefficients rather than to the
original pixel values. This is appropriate
for some data compression and image en-
hancement tasks, but inappropriate for
others. The transform representation is par-
ticularly unsuited for machine vision and
computer graphics, where the spatial loca-
tion of pattem elements is critical.

Recently there has been a great dea of
interest in representations that retain spa-
tial localization as well as localization in
the spatid—frequency domain. This is
achieved by decomposing the image into a
set of spatial frequency bandpass compo-
nent images. Individual samples of a com-
ponent image represent image pattern in-
formation that is appropriately localized,
while the bandpassed image as a whole rep-
resents information about a particular fine-
ness of detail or scale. There is evidence
that the human visual system uses such a
representation, and multiresolution sche-
mes are becoming increasingly popular in
machine vision and in image processing in
general.

The importance of analyzing images at
many scales arises from the nature of

images themselves. Scenes in the world
contain objects of many sizes, and these
objects contain features of many sizes.
Moreover, objects can be at various dis-
tances from the viewer. As a result, any
analysis procedure that is applied only at a
single scale may miss information at other
scales. The solution is to carry out analy-
ses at all scales simultaneously.

Convolution is the basic operation of
most image analysis systems, and convo-
lution with large weighting functions is a
notoriously expensive computation. In a
multiresolution system one wishes to per-
form convolutions with kernels of many
sizes, ranging from very small to very
large. and the computational problems
appear forbidding. Therefore one of the
main problems in working with multires-
olution representations is to develop fast
and efficient techniques.

Members of the Advanced Image Pro-
cessing Research Group have been actively
involved in the development of multireso-
lution techniques for some time. Most of
the work revolves around a representation
known as a"pyramid,” which is versatile,
convenient, and efficient to use. We have
applied pyramid-based methods to some
fundamental problems in image analysis,
data compression, and image manipulation.

Image pyramids

The task of detecting a target pattern that
may appear at any scale can be approached
in several ways. Two of these, which in-
volve only simple convolutions, are illus-
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Fig. 1. Two methods of searching for a target pattern over
many scales. In the first approach, (a), copies of the target
pattern are constructed at several expanded scales, and
each is convolved with the original image. In the second
approach, (b), a single copy of the target is convolved with

copies of the image reduced in scale. The target should be
just large enough to resolve critical details The two ap-
proaches should give equivalent results, but the second is
more efficient by the fourth power of the scale factor (image
convolutions are represented by 'O’).

Fig. 2a. The Gaussian pyramid. The original image, G, is
repeatedly filtered and subsampled 1o generale the sequence
of reduced resolution image G, . etc. These comprise a
set of lowpass-filtered copies of the griginal image in which

the bandwidth decreases in one-oclave steps.

G, G,

trated in Fig. 1. Severa copies of the pat-
tern can be constructed at increasing scal es,
then each is convolved with the image.
Alternatively, a pattern of fixed size can be
convolved with several copies of the image
represented at correspondingly reduced re-
solutions. The two approaches yield equi-
valent results, provided critical information
in the target pattern is adequately repre-
sented. However, the second approach is
much more efficient: a given convolution
with the target pattern expanded in scale
by a factor s will require s* more arith-
metic operations than the corresponding

convolution with the image reduced in
scale by a factor of s. This can be substan-
tial for scale factors in the range 2 to 32, a
commonly used range in image analysis.
The image pyramid is a data structure
designed to support efficient scaled convo-
lution through reduced image representa-
tion. It consists of a sequence of copies of
an original image in which both sample
density and resolution are decreased in
regular steps. An example is shown in Fig.
2a. These reduced resolution levels of the
pyramid are themselves obtained through a
highly efficient iterative algorithm. The

bottom, or zero level of the pyramid, G,,
isequal to the original image. This is low-
pass-filtered and subsampled by a factor of
two to obtain the next pyramid level, G,.
G, is then filtered in the same way and
subsampled to obtain G,. Further repeti-
tions of the filter/subsample steps generate
the remaining pyramid levels. To be pre-
cise, the levels of the pyramid are obtained
iteratively as follows. For 0 <1 <N:
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However, it is convenient to refer to this

RCA Engineer « 29-6 « Nov/Dec 1984



Fig. 9. Multifocus composite image. The original images with limited depth of field summed to yield the final mosaic, Fig. 10d.
are shown in (a) and (b). These are combined digitally to give the image will an Note that it is not necessary to average node
extended depth of field in (c).

Fig. 10. Image mosaics. The left half of image (a) is catinated with the right half of
image (b) to give the mosaic in (c). Note that the boundary between regions is
clearly visible. The mosaic in (d) was obtained by combining images separately in
each spatial frequency band of their pyramid representations then expanding and

summing these bandpass mosaics.

locus of image points that fal on the
boundary line, and let R be the region to the
left of P that is to be taken from the left
image. Then the pyramid LC for the
composite image is defined as:

If the sampleisin R, then
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LC, (i) =LA (i)
If the sample isin P,then
LG, (i) = LB/ (i.)),
Otherwise,
LG =LG (i) ®
The levels of LC are then expanded and

values within an extended transistion zone
since this blending occurs automatically as
part of the reconstruction process.

Conclusions

The pyramid offers a useful image
representation for a number of tasks. It is
efficient to compute: indeed pyramid
filtering is faster than the equivalent
filtering done with afast Fourier transform.
The information is aso available in a
format that is convenient to use, since the
nodes in each level represent information
that is localized in both space and spatial
frequency.

We have discussed a number of examples
in which the pyramid has proven to be
valuable. Substantial data compression
(similar to that obtainable with transform
methods) can be achieved by pyramid
encoding combined with quantitization and
entropy coding. Tasks such as texture
analysis can be done rapidy and
simultaneously at al scales. Severa
different images can be combined to form a
seamless mosaic, or several images of the
same scene with different planes of focus
can be combined to form a single sharply
focused image.

Because the pyramid is useful in so many
tasks, we believe that it can bring some
conceptual unification to the problems of
representing and manipulating low-level
visual information. It offers a flexible,
convenient multiresolution format that
matches the multiple scales found in the
visual scenes and mirrors the multiple scales
of processing in the human visual system.
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