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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 processingis being used n
many domainstoday. In image enhance-
ment, for example, a variety of methods
now exist for removing image degrada-
tions and emphasizingmportantimagein-
formation, and n computergraphics, dig-
ital imagescan be generatedmodified, and
combined fora wide variety d visual

that canperform most of the routine vis-
ual tasks that humans do effortlessly.

It is becoming increasingly clear that
the formatused © representimage data
can be as criticain image processing &
the algorithms appliedto the data.A dig-
ital imageis initially encoded s an array
of pixel intensities, but this raw format is

effects. In data compression, images may b#ot suitedto most tasks. Alternatively,an

efficiently storedand transmitted fi trans-
lated into a compactdigital code. In ma
chine vision, automatic inspectissystems
and robots can make simple decisidrased
on the digitized inputfrom a television
camera.

But digital image processingis still in a
developing stateln all of the areasjust
mentioned, manyimportant problems re-
main to be solved. Perhapsthis is most
obvious inthe case of machineision: we

image maybe representedby its Fourier
transform, withoperations appliedo the
transform coefficientsrather than to the
original pixel values. This is appropriate
for some datacompressionand image @-
hancement tasks,but inappropriate dr
others. The transform representatisnpar-
ticularly unsuitedfor machine vision ad
computergraphics, wherethe spatialloca-
tion of pattem elements is critical.
Recently therehas been a great deal d

still do not know how to build machinesinterest n representationghat retain spa-

Abstract: The data structure used to

tial localization as well as localization n
the spatialNfrequency domain. This is

represent image information can be critical 2chieved bydecomposingthe imageinto a

to the successful completion of an image
processing task. One structure that has

set d spatial frequency bandpasscompo-
nent imageslIndividual samplesof a com-

attracted considerable attention is the imag@Onentimage representmage patternin-
pyramid This consists of a set of lowpass oformation thatis appropriately localized,

bandpass copies of an image, each
representing pattern information of a

while the bandpassed imaas a whole rep-
resents informatiorabout aparticularfine-

images themselvesScenes inthe world
contain objects fomany sizes, and these
objects contain features of many sizes.
Moreover, objectscan be at varioudis-
tancesfrom the viewer. As a result, any
analysis proceduréhat is appliedonly at a
single scalemay miss information a other
scales.The solution B to carry outanaly-
ses at all scales simultaneously.

Convolution & the basic operation of
most imageanalysis systemsand convo-
lution with large weighting functions is a
notoriously expensivecomputation. In a
multiresolution systenone wishesto per-
form convolutions with kernels of many
sizes, rangingfrom very small to very
large. and the computational problems
appear forbidding. Therefore oneof the
main problemsin working with multires-
olution representationss to develop fast
and efficient techniques.

Members ofthe Advanced Image Pro-
cessing ResearcGrouphave beeractively
involved in the developmentof multireso-
lution techniquesfor sometime. Most of
the work revolves around arepresentation
known @ a"pyramid,” which is versatile,
convenient, and efficient to use. We have
applied pyramid-basednethods to some
fundamental problemsn image analysis,

data compression, and image manipulation

different scale. Here we describe a variety of?€SS Of detail or scale. There & evidence
pyramid methods that we have developed that the human visualsystemuses such a

for image data compression, enhancement representation,and multiresolution sche-
analysis and graphics. mesare becoming increasinglypopular in

machine vision andn image processing
general.

The importance 6 analyzing images at
many scales arises from the nature
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Image pyramids

Thetask d detecting a target pattern that
may appeart anyscalecan beapproached
in severalways. Two o these, whichin-
wblve 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

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

approach, (b), a single copy of the target is convolved with 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 inFig. 1. Severalcopies of the pat-
tern can be constructed at increassuales,
then eachis convolved with the image.
Alternatively, a pattern of fixedize canbe
convolved with several copies dfie image
represented atorrespondinglyreduced &
solutions. The two approaches yielaequi-

convolution with the image reduced n
scale by aactor of s. This canbe substan-
tial for scale factors irthe range2 to 32, a
commonly used range in image analysis.
The image pyramidis a data structure
designed tosupportefficient scaledconvo-
lution through reducedimage representa-

valent results, provided critical information tion. It consistsof a sequence o€opies &

in the target pattern is adequatelyrepre-
sented. Howeverthe second approachis
much moreefficient: agiven convolution
with the targetpattern expandedin scale
by a factor s will require § more arith-
metic operations than

34

the correspondindpighly efficient

an original image in which both sample
density and resolution are decreased ni
regular steps. An example shownin Fig.
2a. Thesereducedresolution levelsof the
pyramid arethemselves obtainethrough a

bottom, @ zero level of the pyramid, G,,
is equal tothe original image.This is low-
pass-filteredand subsampled by &actor of
two to obtain thenext pyramid level, G,.
G, is then filtered in the sameway and
subsampled to obtair,. Further repeti-
tions of the filter/subsampletepsgenerate
the remainingpyramid levels. To be pre-
cise, the levels ofhe pyramid are obtained
iteratively as follows. For 0 ¥<N:

1)
G () SSw(mn)G, (2i+m2j+n)

m n

iterative algorithm. The However, it is convenient to refer to this
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G,

Fig. 2b. Levels of the Gaussian pyramid expanded to the size of the original image.
The effects of lowpass filtering are now clearly apparent.

level (a) o)

Fig.3. Equivalent weighting functions.
The process of constructing the Gaus-
sian (lowpass) pyramid is equivalent to
convolving the original image with a set
of Gaussian-like weighting functions,
then subsampling, as shown in (a). The
weighting functions double in size with
each increase in 1. The corresponding
functions for the Laplacian pyramid re-
semble the difference of two Gaussians,
as shown in (b).

process asa standard REDUCE opera-
tion, and simply write

G = REDUCE [5,].

We call the weighting function w(m,n)
the "generatingkernel." For reasonsof
computational efficiencythis should @
small and separable. Aive-tap filter was
used to generate the pyramid in Fig. 2a.

Pyramid construction is equivalent o
convolving the original image with a sef
Gaussian-like weightingfunctions. These
"equivalent weightingfunctions” for three
successive pyramidevels are shown n
Fig. 3a.Note that the functions double n
width with each level. The convolution

acts as a lowpass filter with the band limit

Adelson et al.: Pyramid methods in image processing

reduced correspondingly by one octave withGaussian pyramid coulchave been lo-

eachlevel. Because bthis resemblanceo
the Gaussiardensity function we refer to
the pyramid of lowpass images as the
"Gaussian pyramid."

Bandpass, rathethan lowpass, images
are requiredor many purposes.These nay
be obtained by subtracting each Gaussian
(lowpass) pyramidlevel from the next-
lower levelin the pyramid. Becausethese
levels differ in their sampledensity it is
necessary to interpolateew samplevalues
betweenthose inagiven level before that
level is subtractedfrom the next-lower
level. Interpolation can be achievedby
reversing theREDUCE process. W call
this a EXPAND operation. Let G, be
the image obtained by expanding G k
times. TherG,, = EXPAND [GG,, ] or, to be
preciseG,, = G, and fork>0,

2

Guij)=4 S SG,, (2 XM 2] +n,
m n 2 2

Here only terms for which (2i+m)/2 and
(2j+n)/2 are integers contribute to the
sum. The expand operation doubles the
size ofthe image with eacliteration, ©
that G ,, is the size of G ;, and G, is the
same sizeas that of the original image.
Examples ofexpandedGaussianpyramid
levels are shown in Fig. 2b.

Thelevels d the bandpasspyramid, L,,
L, ...., Ly, maynow be specifiedin terms
of the lowpass pyramid levels as follows:

L, =GNEXPAND [ G,,] 3)

= GN (CT

The first four levels are shown in Fig. 4a.
Just as the value of each node

tained directlyby convolving aGaussian-
like equivalent weighting functiomith the

original image, each value ahis bandpass
pyramid couldbe obtained byconvolving

a difference of two Gaussianswith the

original image. These functions closely
resemble thd.aplacianoperatorscommon-
ly usedin image processing (Fig3b). For

this reasonwe refer b the bandpasgyra-

mid as a "Laplacian pyramid."”

An important property of the Laplacian
pyramid is that it is a complete image
representationthe stepsused o construct
the pyramid may be reversedto recover
the original image exactly.The top pyra-
mid level, L,, is first expandedand added
to L, to form G, then this array is
expandedand added ¢ L,, to recover
G\ and so on. Alternatively, we may
write

G=4alL, S
The pyramid has been introduced here as
a data structuréor supporting scaledimage
analysis. The same structurés well suited
for a variety of other image processing
tasks. Applicationsin data compression
and graphics, asvell asin image analysis,
will be described in thdollowing sections.
It can be showrthat the pyramid-building
procedures describedere have significant
advantages over othepproachedo scaled
analysis in terms oboth computationcost
and complexity. The pyramid levels are
obtained withfewer steps througtrepeated
REDUCE and EXPAND operations thans
possible with the standardFFT. Further-
more, direct convolutiorwith large equiva-
lent weighting functions requires 20-to

in th80-bit arithmetic to maintain the same ac-
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Fig. 4b. Levels of the Laplacian pyramid expanded to the size of the original image.
Note that edge and bar features are enhanced and segregated by size.

curacy aghe cascade oftonvolutions with
the small generatinggernel using just 8-bit
arithmetic.

A compact code

image can be exactly reconstructed frihs
pyramid representation (Eq. 4), tpgramid
code is complete.

There aretwo reasonsfor transforming
an imagefrom one representation ot an-
other: the transformatiomay isolate criti-

The Laplacian pyramid has been described &8l components fo the image pattern so

a data structurecomposed D bandpass
copies of an image that is well suited
for scaled-imageanalysis. But the pyramid
may alsobe viewedas an imagdransform-
ation, o code.The pyramid nodesare then
consideredcode elements,and the equiva-
lent weighting functions are sampling
functions thatgive node valueswhen con-

they aremore directlyaccessible @ analy-
sis, @ the transformation may place the
data n a more compact formso that they
can be storedand transmitted moreeffi-
ciently. The Laplacian pyramidervesboth
of theseobjectives. As a bandpasdfilter,
pyramid construction tendsto enhance
image features, suchs edges, which are

are segregatelly scalein the various pyra-
mid levels, as showim Fig. 4. As with the
Fourier transform, pyramidcode elements
represent patterromponentsthat are res-
tricted in the spatial-frequencydomain. But
unlike the Fouriertransform, pyramidcode
elements are alsestrictedto local regions
in the spatial domain. Spatial as well as
spatial-frequency localization can be critical
in the analysis 6 images that contain
multiple objectsso that codeelementswill
tend to representcharacteristics fosingle
objects rather than confound the characteris
tics of many objects.

The pyramid representation als@ermits

volved with the image. Since the originaimportant for interpretation. These featureslata compressiori. Although it has one

36
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Fig. 5. Pyramid data compression. The original image represented at 8 bits per-
pixel is shown in (a). The node values of tbe Laplacian pyramid representation of
this image were quantitized to obtain effective data rates of 1 b/p and 1/2 b/p.
Reconstructed images (b) and (c) show relatively little degradation.

third moresample elementsthan the orig-
inal image, the values of these samples
tend to be near zero, and therefore canbe
represented witha small number of bits.
Further datacompressioncan be obtained
through quantization:the number of dis-
tinct valuestaken by samplesis reduced
by binning the existing valueshis results
in some degradation when the image is
reconstructed, buif the quantization bins
are carefully chosen, thedegradationwill

not be detectable by humanbservers md
will not affectthe performanceof analysis
algorithms.

Figure 5illustrates a application of the
pyramid to data compression for image
transmission.The original image isshown
in Fig. 5a. A Laplacian pyramid represen-
tation was constructed fothis image,then
the valueswere quantized & reduce he
effective data rateto just onebit per pixel,

These examplesuggestthat the pyra-
mid is a particularly effectiveway d repre-
senting image information both for trans-
mission and analysis. Salientinformation
is enhancedor analysis,and b the extent
that quantizationdoes not degradeanaly-
sis, therepresentatioris both compactand
robust.

Image analysis

Pyramid methodsmay be applied to anal-
ysis in severalways. Three é these will be
outlined here.The first concerns pattern

matching andhas alreadybeen mentioned:

to locate a particular target pattern that
may occurat any scalewithin an image,
the patternis convolvedwith each levelof
the imagepyramid. All levels of the pyra-
mid combined containjust one third more
nodes tharthere are pixels in the original

then to one-half bit per pixel. Images reconimage. Thus the costof searchingfor a

structed from the quantized data are

shown inFigs. 5b and5c. Humans tendo

be more sensitive to errois low-frequency
image components thann high-frequency
components. Thus in pyramicbompression,
nodes atlevel zero can be quantizedmore
coarsely than those in higher levels. Thés

pattern & many scalesis just one third
more than that ofsearching theoriginal
image alone.

The complexity d the patternsthat may
be foundin this way is limited by the fact
that notall image scalesarerepresented n
the pyramid. As defined here, pyramid

fortuitous for compression since three-quartevels differ in scaleby powers of two, or

ers of thepyramid samplesare n the zero
level.

Data compression throughquantization
may also be importarin image analysis ©
reduce the numberof bits d precision
carried h arithmetic operationsFor exam-
ple, in a study of pyramid-basedimage
motion analysis it was found that data
could ke reduced @ just three bits per
sample withoutnoticeably degrading he
computed flow field'

by octavestepsin the frequency domain.
Power-of-two stepsare adequatevhen he
patterns tobe locatedare simple, but com-
plex patternsrequire acloser matchbe-
tweenthe scaleof the patternas defined n
the targetarray, and the scaleof the pat-
tern as itappearsin the image. Variantson
the pyramid can easily be defined with
squareroot-of-twoand smaller steps.How-
ever, thesenot on]y have more levels, ht

cost d image processing based onsuch
pyramids is correspondingly increased.

A secondclass of operations concerns
the estimation & integrated properties
within local imageregions. For example,a
texture mayoften be characterizedy local
density @ energy measuresReliable esti-
mates 6 image motion also require he
integration & point estimatesof displace-
ment within regions of uniform motion. In
such casesearly analysis can often be
formulated asa three-stage sequence fo
standardoperations. First,an appropriate
pattern is convolved with the image (or
images, inthe case of motion analysis).
This selects garticular pattern attributeto
be examinedin the remaining two stages.
Second, anonlinear intensity transforma-
tion is performed oneach sample value.
Operationsmay include asimple threshold
to detectthe presencef the targetpattern,
a power function to be used h computing
texture energymeasuresor the product of
corresponding samplei® two imagesused
in forming correlation measures fomotion
analysis. Finally the transformedsample
valuesareintegrated withinlocal windows
to obtain the desired local property
measures.

Pattern scalds an important parameter
of both the convolution and integration
stages. Pyramid-basedprocessing may te
employed ateachof these stagesto facili-
tate scale selectioand b supportefficient
computation. A flowdiagramfor this three-
stageanalysisis given in Fig. 6. Analysis
begins with the construction dhe pyramid
representation fothe image.A feature pat-
tern is then convolved with each level of the
pyramid (Stage 1), and the resulting

many more samples, and the computationaprrelation valuesmay be passedthrough

Adelson et al.: Pyramid methods in image processing

37



Fig.6. Efficient procedure for computing integrated image properties at many scales.
Each level of the image pyramid is convolved with a pattern to enhance an elementary
image characteristic, step 1. Sample values in the filtered image may then be passed
through a nonlinear transformation, such as a threshold or power function, step 2.
Finally, a new "integration" pyramid is built on each of the processed image pyramid
levels, step 3. Node values then represent an average image characteristic integrated

within a Gaussian-like window.

a nonlinearintensity transformation(Stage
2). Finally, each filteredand transformed
image becomeshe bottom level of a new

Note thattexture differencesin the original
image have been convertethto differen-
ces ingray level. Finally, a simple gra-

Gaussian pyramid. Pyramid construction hadient-based edge-detectiotechnique can

the effectof integrating the input values
within a set of Gaussian-like windows of
many scales (Stage 3).

As an example,integrated property esti-
mates have beensed o locate theboun-
dary between thetwo textured regions @
Fig. 7a. The upper and lower halves of
this image show two piecesof wood with
differently orientedgrain. Theright half of
the imageis coveredby a shadow. The
boundary between thehadedand unshad-
ed regionsis the most prominent feature n

be usedto locate the boundary between
image regions, Fig. 7d. (Pyramid levels
have beerexpandedo the size of the orig-
inal image to facilitate comparison.)

A third classof analysis operationgon-
cerns fast coarse-finesearch techniques.
Suppose weneedto locate preciselyalarge
complex pattern withinan image. Rather
than attemptto convolve the full pattern
with the image,the searchbegins ly con-
volving a reduced-resolution pattermith
a reduced-resolutioncopy of the image.

the image,andits location can he detected This servesto roughly locate possible @-

quite easily as the maximum of the gra-
dient of the image intensity (Fig.b). How-

currences othe target patternwith a mini-
mum d computation. Next, higher-resolu-

ever, a simple edge-detecting operation sut¢ion copies of the pattern and image can

as this gradient-basedrocedurecannot |e
used o locate the boundary between the
two piecesof wood. Insteadit would iso-
late the line patterns that make up the
wood grain.

The texture boundary canbe found
through thethree-stepprocessas follows:
A Laplacian pyramid is constructed for
the original texture.The vertical grainis
then enhancediy convolving the image
with a horizontal gradientoperator (Stage
1). Each pyramid node value is then
squared,(Stage 2)and anew integration
pyramid is constructedfor each level of
the filtered image pyramid (Stage 3). In
this way energy measuresare obtained
within windows of various sizes. Figure &
shows level 2of the integration pyramid

for level L, of the filtered-image pyramid.

be usedto refine the position estimates
through asecond convolution. Computa-
tion is kept to a minimum by restricting
the searcho neighborhoods fothe points
identified at the coarserresolution. Te
search mayroceedthrough several stages
of increasedesolution and position refine-
ment. The savings m computation that
may beobtainedthrough coarse-finesearch
can be verysubstantial, particularlywhen
size and orientation ¢ the target pattern
and its position are not known.

Image enhancement

Thus far ve have describechow pyramid
methods maybe applied to data compres-
sion and image analysis. Bthereare other
areas of image science where

methods haveproved be useful. For ex-
ample, a method we call multi-resolution
coring may be used o reduce random
noise inan imagewhile sharpening details
of the image itself®> The image is first
decomposed intoits Laplacian pyramid
(bandpass) representatioithe samples
each levelare then passedhrough a cor-
ing function where small values (which
include mostof the noise) are set to zero,
while larger values (whichinclude pro-
menent imagefeatures) are retained, o
"peaked." The final enhancedimage is
then obtained by summing the levels of
the processedpyramid. This techniqueis
illustrated in Fig. 8. Figure 8ais the origi-
nal image towhich randomnoise hasbeen
added, andFig. 8b shows the image en-
hanced through multiresolution corifg.

We have recently developeda pyramid-
based methodfor creating photographic
images with extendeddepth of field. We
begin withtwo or more imagedocused &
different distancesand combine themin a
way that retainsthe sharpregions of each.
As an example,Figs. 9a and 9 show to
pictures ofa circuit board taken with the
camera focused atwo different depth-
planes. V& wish to constructa composite
image in which all the components and
the boardsurfaceare n focus. Let LA and
LB be Laplacian pyramids for the two
original imagesin our example. The low-
frequencylevels d these pyramids should
be almostidentical becausethe low spa-
tial-frequency imagecomponentsare only
slightly affected ly changesin focus. Bit
changes infocuswill affect node valuesin
the pyramid levels where high-spatial-
frequency information B encoded. How-
ever, correspondingnodesin the two py-
ramids will generally representhe same
feature ofthe sceneand will differ primar-
ily in attenuationdue b blur. The node
with the largestamplitude will be in the
image that is most nearlyin focus. Thus,
"in focus" image componentscan be &
lected node-by-nodén the pyramid rather
than region-by-regionin the original im-
ages. Apyramid LC is constructedfor the
composite image by setting eanbde equal
to the correspondingnode in LA or LB
that has the larger absolute value:

If|La (i) | > [LE (i,i) |,
thenLC, (i,j) =LA (i,j)
otherwise.LC, (i,j) =LB, (i,j)
Q)
The compositémageis then obtainedsim-
ply by expandingandadding thelevels of
LC. Figure 9cshowsan extendeddepth-of-

thegdd image obtained in this way.
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Fig. 7. Texture boundary detection using energy measures. The original image, (a),
contains two pieces of wood with differently oriented grain separated by a horizon-
tal boundary. The right half of this image is in a shadow, so an attempt to locate
edges based on image intensity would isolate the boundary of the shadow region,
(b). In order to detect the boundary between the pieces of wood in this image we
first convolve each level of its Laplacian pyramid with a pattern that enhances
vertical features. At level L, this matches the scale of the texture grain on the lower
half of the image. The nodes at this level are squared and integrated (by construct-
ing an additional pyramid) to give the energy image in (c). Finally, an intensity
edge-detector applied to the energy image yields the desired texture boundary.

A related application & pyramids con-
cerns theconstruction of image mosaics.
This is acommontask in certainscientific
fields and n advertising. The objective &
to join a number ofmagessmoothly intoa
larger mosaic so that segment boundar-
ies are not visibleAs an example,suppose
we wish to join the left half & Fig. 10a
with the right half of Fig. 10b The most
direct methodfor combining the imagesis
to catinate the lefportion d Fig. 10a with
the right portion d Fig. 10b. The result,
shown in Fig. 10c, isa mosaicin which
the boundaryis clearly visible & a sharp

An alternative approachis to join image
components smoothlyoy averaging pixel
values withina transition zone centeredn
the join line. The width of the transition
zone is then a critical parameter.If it is
too narrow,the transition will still be vis-
ible asa somewhatblurred step. If it is too
wide, featuresfrom both imageswill be
visible within the transition zone asin a
photographic double exposure.The blur-
red-edgeeffect is due b a mismatch of
low frequenciesalong the mosaic boun-
dary, while the double-exposureeffect is
due b a mismatch inhigh frequencies.In

(though generally low-contrast) step in grageneral, there is no choiceof transition

level.

zone width that can avoid both defects.

Adelson et al.: Pyramid methods in Image processing

Fig. 8. Multiresolution coring. Part (a)
shows an image to which noise has
been added to simulate transmission
degradation. The Laplacian pyramid was
constructed for this noisy image, and
node values at each level were "cored."
As a result, much of the noise is re-
moved while prominent features of the
original image are retained in the re-
constructed image, (b).

This dilemmacan be resolved if each
image is first decomposedinto a set of
spatial-frequency bandsThen a bandpass
mosaic canbe constructedin each band
by useof atransition zone thatis compar-
able in width to the wavelengths repres-
ented inthe band. The final mosaicis then
obtained bysummingthe componentband-
pass mosaics.

The computational stepi® this "multire-
solution splining" procedure arejuite sim-
ple when pyramid methods are used’ To
begin, Laplacianpyramids LA and LB are
constructed forthe two original images.
These decomposthe images into the re-
quired spatial-frequency bandd.et P be the
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Fig. 9. Multifocus composite image. The original images with limited depth of field summed to yield théinal 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 averagele

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 fall on the
boundary line, and IeR be the regiorto the
left of P that is to be taken from the left
image. Thenthe pyramid LC for the
composite image is defined as:

If the sample is irR, then

40

LC,(i.j) =LA (i)
If the sample is irP,then

LC, (i.j) = LB (i),
Otherwise,

LG =LG(i)) ®)

values withinan extendedtransistion zone
since thisblending occursautomatically a
part of the reconstruction process.

Conclusions

The pyramid offers a useful image
representatiorfor a number of tasks. 1 is
efficient to compute: indeed pyramid
filtering is faster than the equivalent
filtering done witha fast Fouriertransform.
The information B also available in a
format thatis convenient ¢ use, sincethe
nodes ineachlevel representinformation
that islocalized in both spaceand spatial
frequency.

We havediscussedh numberof examples
in which the pyramid has provento be
valuable. Substantial data compression
(similar © that obtainable with transform
methods) canbe achieved by pyramid
encoding combinedvith quantitization and
entropy coding. Tasks such as texture
analysis can be done rapidly and
simultaneously ta all scales. Several
different imagescan be combinedto form a
seamlesanosaic, o severalimagesof the
same sceneavith different planes of focus
can be combinedo form a single sharply
focused image.

Because the pyramiid usefulin so many
tasks, v believe that it can bring some
conceptual unificationto the problems of
representing and manipulating low-level
visual information. t offers a flexible,
convenient multiresolution format that
matches themultiple scales found in the
visual scenes and mirrors the multiple scale
of processingin the humanvisual system.
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