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Abstract: We suggest the distributed associative memory (DAM) mogel for
Glstributed and fault-tolerant computation as it relates to objlect
recogrition tasks. The faylt-tolersance s wilh respect to geometrical
distortions (scale snd rotation), nolsy imputs, occlusion/overlap, ax
memoTy fsults. We have developed an experimentsl system for fauit-tolerant
structure recognition which shows the feasibility of such an approsch. we
further extended our approsch to the problem of myltisensory data
integration and applied it successfully to the recognition of colores
palyhedral objects.

2.

o__4) Introduction

: The challenge of the visual recognition probles stems from the fact
that the projection of an object ontc an imegs can De confounded Dy seversl
dimensions of variability such as uncertain perspective, changing
orientstion snd scsle, sensor noise and occlusion, snd non-unifora
{1lumingtion. A vision system must not only be sble to sense the ldentity
of an object despite this varisbility, but sust slso de adble to
characterize such varisbility. becsuse the varisbility Inherently carries
mxh of the valuable inforastion about the world.

* Our gosl (s to derive the functionel characteristics of image
representations suitable for {nvarient recognition using distributed
processing methods. One has to sesk sppropriate transformetions such that
Intersctions betwean the interngl structure of the resulting
representations yleld frvariant recognition, As Simon (1982) paints out,
all mathenmaticel derivation can be vievwed sisple es & changs of
representation, saking svident what was previocusly trus Dut obscure.

Solving & problem then means transforaing {t so as to mske the solution
transparent.

The recognition process should match g derived {nput representation of
the short tars semory (ST™) against long term memory (LTM). We sugoest the
L™ crganization in terms of distributed sssociative mesory (DAM). The DM
is relsted to Qewralized match filters (OF) (Caulfield and wWeinberg,
1962} ad synthwtic discriminant functions (SOF) (Hester and Casssent,
1961). Liks them, DAMs atZempt t0 cspture a distributed reprssentation
which aver over the varistions delorging to the same class. OAMs allow
for the implicit representation of structursl relationships snd contextual
information, helpful constraints for choosing among differant
{interpretations. Finally, because Information s distributed {n the
menory, the overall function of the memory becomes resistant to noise,
faults in memory, and degraded stimulus key vectors.
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™is section describes our {nvariant object recognition system in
detsil., We begin by examining the preprocessing system which produces tre
vectors associated Dy the distridbuted associative memory. Then the
olstributed associative memory anc our methad of fusing multiple sources of
{nformation are descrided anc snalyzed. A dlock dlsgram of the system is

~ shown in Figuwe 1.

[

2.1) Invarisnt Representation

The goal of this subsection {8 to examine the varlous components ysed
to procuce the vectors wnich are associated {n the distributed assoclative
memory. The block dlagram which descridbes the varlous fuctlonal units
involved in obtaining an [nvariant image representation is shown {n Flgure
1. The image is complex-log conformally mapped sO that rotatlon and scale
changes become translstion in the transfors domain., Along with the
conformal mapping, the {mage is also filtered by a space variant fliter to
reduce the effects of aliasing. The conformally mspped image is then
processed through a Laclacian {n order to soclve soms problems sssociated
with the conformal mapping (See 2.1.3). The Fourler transform of both the
conformally mapped image and the Laplacisn processed image produce the four
output vectors. The magnitude output vector lel; 1s i{nvarisnt to linear
transformations of the object In the input image. The phass output vecter
¢ o contalns information concerning the spatisl propertiss of the object in
the {nput image.

2.1.1) Complex-log Mapping and Space Varisnt Filtering

The first box of the block dlagrsa given in Figure 1 consists of two
components: complex-log mapping and space variant filterim. Complex-log
mapping transforms sn image from rectangular coordinates to polar
exponential coordimates. This transformation changes rotstion and scale
into transistion. IF the image is mapped onto & complex plane then eacn
pixel (x,y) on the Cartesian plane can be described mathematically by
Z=x ¢ jy. The complex-log mapped points v are descrided by

v = In(2) w In(i2l) « 3B, (1)
where (2! = (x2 yz)m mﬂﬁz - tar"!']'(y/x). )

Our system sswpled 256x256 pixel images Lo construct 64x64 complex-log
mapped imeges. Samples were taken along radial lines spaced 5.6 degrees
apart. Along esch ragial line the step sizs between samples increased by
powers of 1.08., These numbers are derived from the number of plxels in the
original image and the number of samples [n the complex-log mapped image.



An excellent examination of the dlffere~: conditlons lnvolved in selesting
the appropriste numoer of samoles for a complex-log mapoes Image s give~
in (Massone et. al., 1985). The non.li=ear sa=oling can Be €ollt it tee
distinct parts along each raclal lime. Tward the center of the lmage tne
saroles are dense enougn that no anti.allasing fllter 's neezer. Sa~cles
. taken gt the ecge of the image are larje and an snti-allasing filter (s
necessary. The image flitered In thls marner mas a clrcular region araunc
the center which corresponds to an area of nighest resolution. The size of
this reglion i{s a function of 3 numder of angulsr samples and radial
samples. The flltering is cCone, at the same time as the sampling, by
convolving truncated Bessel functions with the {mage in the space domain.
The width of the Bessel functions main lobe is Inversely proportional to
the eccentricity of the sample point.

A problem assoclated with the complex«log mapping Is sensitivity to
center misaligrment of the samoled Image. | Small shifts from the center
causes distortions in the complex-log mapped image. Our system gssumes
that the object s centered In the image frame., Slight misaligrments are
considered nolse. Large misalignments are considered as translations a~d
could be accounted for by changing the gaze {n SUCh & way as to Bring the
object into the center of the frame (see 3.2). The decision adout what to
bring into the center of the frame is sn active function and should De
Oetermined by the task. An example of a system which could be used to
guide the translation process was developed by Anderson et al (19835).
Their pyramid system analyzes the irput image at different temporal and
spatial resolution levels. Thelr smart sensor was then sble to shift its
flcation such that interesting parts of the imege ({.e. something large
and moving) was brought into the central part of the frame for recognition.

2.1.2) Fourler Transform

The second box in the block disgram of Flgure 1 is the Fourier
transform. The Fourler transform of a 2.dimensional image f(x,y) is given
by

oFr
Flu,v) :[ff(x.y)exp[-j(unvy)]d\tdy {2)

-0

and can be described by two Z-dimensional functions corresponding to the
magnitude [F{u,v)] and phase (u,v}). The magnitude component of the
Fourler transfora which is {nvarlant to translation, carries much of the
contrast information of the image. The phase component of the Fourler
transform carries [nformation about how things are placed in an image.
Translation of f{x,y) corresponds tc the addition of a linear phase
component., The complex-log mapping transforms rotation and scale into
translation and the magnitude of the Fourler transform s invarisnt to
those translations so that |sly will not change significantly with rotation
and scale of the object in the  image.



The Laplaclen that we _se (s 3 cifference-cf-Caussians (327"
‘apgroximation to the @G funcilisn as glven oy warr (1982).
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The result of convolving the Laolacian with an image can be viewed as a tws
step process. The image is blurred by 3 Gaussian kernel of a specifies
width 6 . Then the lsotropic second cerivative of the Blurred image is
computed. The width of the Gaussian kernel 1s chosen such that the
conformally mapped image {s visible .- approximately 2 pilrels in our
experiments. The Laplacian sharpens the edges of the object {n the image
N sets any reglon thet dig mot change much to 2er0. Below we descrive
the benefits from using the Laplacisn,

The Laplacian eliminstes the stretching prodlem encountered by the
complex-log mapping due to changes in object size. When an object is
expanded the complex-log mapped image will translate. The pixels vacated
by this translation will be filled with more pixels sarcled from the center
of the scaled object. These new pixels will not de significently different
than the displaced pixels so the result looks like a stretching in tne
complex-log mapped image, The Laplacian of the complex-log mapped image
will set the new pixels to zero becsuse they do not significantly chege
from thelr surrounding pixels. The Laplacian eliminates hign frequency
spreacing due to the finite structure of the discrete Fourler transform s
erhances the differences between memorized objects by accentusting edges
and de-emphasizing areas of little change.

]

2.2) Distriduted Associative Memory (DAN)

The particular form of distributed associative memory that we desl
with in this paper {s s memory matrix which sodifies the flow of
information. Stimulus vectors are associated with responss vectors and the
result of this association s spresd over the entire memory space.
Oistributing in this mavier means that information about s small partion of
the association can be found in s large sres of the memory. Nex
associations are placed cver the older ones and are allowed to interact.
This means that the size of the memory matrix stays the same regardless of
the numer of associastions that have been memorired.

The above dliscussion {lluminates several properties of
distributed associative memories which are different from the more
tracditionsl ones about memory. Because the associations are allowed to
intaract with each other an Implicit representation of structural
relationships and contextual information can develop, and as a consequence
a very rich level of interactions can be captured. Since thare are few
restrictions on what vectors canm be associated there can exist extensive
irndexing and cross-referencing in the memory. Since the (nformation s
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distriduted, the overall function of the system {s resistast to faults {n
the memory ond degraded stimulus vectors. Olstridbuted assoclative memory
captures a distributed representation whicn (s context dependent. This is
quite cifferent from the simplistic berasizral mocdel (Heon, 1549).

3

2.2.1) Construction snd Recall

A

. The construction stage assumes that there are n pairs of m-dimensional
vectors that are to be associsted by the distributed assoclative memory.
This can be written as

MSy =¥y for1el,...n (a)
7
where ?1 denotes the (N stimylus vector and ?1 denotes the itP
corresponding rgﬁponse vector. We want to construct 8 memory matrix M such
that when the k"' stimulus vector 'Ik is projected onto the space defined by
M the resulting projection will be the corresponding response vector 'Fk.
Specifically we want to sclve the following equation:

il - MSsR (5)

this equation does nog necessarily exist for sny arvitrery group of
sssociations that mignt be chosen. Usually, the rumder of assoclations n
{s smaller then m, the length of the vector to be associated, so the syste
of equations is underconstrained. The constraint used to soh&o for a

unique matrix M s that of minimizing the square error, [J/MS-R//¢, which
results in the solution

t3

_— M = RS* (6

‘s ‘1?53 S*. 1s known as the Moore-Penrose generalized inverse of S (Kohonen,

The recall operation projects sn unknown stimulus vector 5 onto the
memory space M. The resulting projection yields the response vector ¥.

T oMy )]
If the memorized stimulus vectors are i{ndependent #nd the uknowmn
stimilus vector T is one of the memorized vectors s, then the recalled
vector vill be the associated response vector f,.. If the memorized
stimulus vectors are dependent, then the vector recalled by one of the
memarized stimulus vectors will contain the assoclated response vector snd
soms crosstalk from the other stored response vectors. The resulting noise

or crosstalk in the output is due to the simiiarity of the memorized
vectors.

— The recsll can be viewed as the weighted sum of the response vectors.
The recall begins by assigning weights according to how well the uknown
stimulus vector matches with the memorizes stimulus vector using a linear
least squares classifler. The response vectors are myltipliec by the
weights and summed together to bulld the recalled response vector. The
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recalled response vector s usually dominated by the memorized responge
vector that is closest to the unknown stimulus vector. Tre distributes
associative memory will Rave intersctions Detween tne different
associations and this allows some generalization of responses to sreviously
unknown stimulus.

Fault tolermxce {3 8 Dyproduct of the 4istriduted nature and error
corresiing capabilities of the distributed assoclative memory. By
distriputing the information, no single memory cell carrles a significant
portion of the information critical to the oversll performance of tne
menory. Assume that there are n gssociations in the memory and sach of the
assoclated stimulus and Eesponse vectors have m elements, This means that
the memory matrix has m* elaments. Also assume that the nolse that s
added to each element of a_memorized stimulus vector {s independent, zers
mean, with s variance of 612. The recall from the memory {s then

—lp -y — - - -y el
rotkoionﬂ(skoﬂi)-rk‘”)’i : {8)

’

- where'y; is the Lrout nolse vector and 7, is the output noise vector. The

ratio of the average output noise varfance to the average input noise
. variance is

3
o1 1 T
Hl- X &—“ - —.- thm ] (,} -
” For the aytoassociative case this simplifies to
e >
T N .
' ?r:" - (10)

This says that when a noisy version of o semcrized irput vector {s spplisd
to the memory the recall is improved by a factor corresponding to the ratin
of the number. of semorized vectors to the nusber of elements in the
vectors. For the hetercassociative memory matrix a similar formuls holds
as long as n 13 less than a {Stiles and Denz, 19835),

. % . 1 rrtmNresTel) an
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Arother way of vieving this error correcting process is to notics that the
memory matrix i{s the orthogonal projection matrix for the set of stimylus
vectors. The noiss vector in this s-dimensional space will be projected
onto the space spaved Dy the n memorized vectors. The parts of the nolse
vector that are orthogonal to the n memorized stimulus vectors will be lost
and this sccounts for the noise recuction In the ocutput recall vector.

3

- 2.3) Data Fusion

¥We sugoest rext using distributed assoclstive memory to integrate
visusl inforastion from sultiple cues or sources for performing image
{nterpretation tasks. A source amounts tc a 2-0imensional function
extracted from an image which carries some distinct information sbout the
Judimensional scene. In our particular case the sources of information can
take on two forms, direct or derived. A girect source is one where the
information {s directly in registration with the iconic Image. Examples
would de infra.red images, range images, spectral bdand images, ete.. A
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derived source is one which requizes some type of preprocessing befors the
spatial information ls mace explicit. Preprocessing esamples ars
stereopsis and optical flow derivation. Integration means combining
information from several distinct sources to produce a response which {s
possidbly quite gifferent from the input Information., An example of
integration would be the sdllity of human vision to extract reliadle
viever. centered depth Informaticn from the binocular and motion
{nformation contained In a set of images. 1In this case the 'senscrs',
stereopsis and opticel flow, are distinct but BOth carry geometric
information sbout the scene. In order for information from distinet
sources to be Integrated at some point they must sgeak the same language,

Looking for a genersl method for comdining multiple distinct sources
into s unified Interpretation is a protler which has been examined from
many angles. Statistical spproaches such as Carvey and Lowtance's (1583)
threat assessment for battle sanagement which uses Demoster/Shaffer model
for source integration, need such s-priori information sbout the
statistical varistions bDeiween the different source measurements and are
computetionally very sxpensive. Mybrid approaches such as Waxmgn and
Duncan's (1984) stereomotion, use extensive knowledge ebout how the sources
vary with esch other in orcer to develop their algoritim, ond as s result
are not genersl or easily extensible to the sddition of other sources.

Both of thess methods need higher level processing to handle conflicts in
sourcs {ntarpretation.

‘e

— the ﬁ m:o:ch atterpts to overcoms the -ba'n orc:llm. ¥e sssume that
gt _of the sources vary consistently far a given lrput.
' oLet S« [§)155] .. I5.) end R s [T]IT5] ...1T,] be the stisulus end
response matrices respectively. ~ Each stimulus vector is seds up of

— elements coning fron the different sources; GI.I';LI ...ﬁ{ll vhln?;;.‘

consists of elements from the j"" source. The memory matrix {s constructed
in the sams fashion as befors, M s RS*,

Integration of sources in this sanmer has ssveral positive properties.
First, It s quite general and as such it is essily extensible to multiple
sources. If new sources need to be added they simply sugment the previous
stimylus vector structure. Second, prioritizing the influence that a
single source can have on the output can be done Dy ediusting the size

sd/or the quantization of slements that sourcs donates to the stimulus
'3‘ mtﬂl!.

La Experinments

y

In this section we discuss the result of computer simulstions of our
syston. Imeges of objects are first preprocessed through the subsystea
outlined in subsection 2.2. The output of such & subsystem is four
vectors: lely, ¢, I¢ly, #nd ©,. we construct the memory by assoclating
the stimilus’ vectbr hFl with the response vector ., for each cbject in
the database. To perfofm g recall from the memory 6\: wknown _image is
preproces by the ssme subsystem to produce the vectors [+ 1, m
fely, and @ ,. The resulting stimulus vector [+l) is projected onto
mamGry matrix to produce a responsg vector which '1s an estimate of the
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memorized phase ;. The estimated phase vector ¢2 nd the magnitude 1':'|1
are used to reconstrct the memorized opject, The difference bDelween the

estimated phase g, NG the phase §, is used to estimate the smount
< of rotation e sgalo experienced by the oblect.

1_3.1) Invariant Recognition

4

b .

The database of images consists of twelve objects: four keys, four
mechanical parts, and four leaves. The oblects vere chosen for thelr
essentially two-dimensional structure. Each object was photographed using
8 digitizing video camers egainst a black background. We emphasize that
sll of the images used In cresting ad testing the recognition system were
taken at different times using various camers rotastions and distances. The
images are digitized to 256x256, eight bit quantized plxels, and each
object covers an ares of about A0xaA0 pivels, This small oblect size
relative to the background is necessary dus to the non-linesr samwling
of the complex-log mapping. The abjects were centered within the frame by
hand, This ls the source of much of the nolse and could have been done
sutomatically using the object's centsr of mass or sOms other criterls
determined by the task., The orlentation of esch memorized object was
arbitrarily chosen such that thelr msjor axis was verticsl., The 2.
dimensional images that are the outout from the invariant representation
subsystem are scanned horizontally to form the vectors for mesorizstion.

The first example of the operation of our systes is shown in Figurs 2.
Figute 2a) 13 the image of one of the key as it was memorized. Figurs &)
1s the unknown object presented to our system. The uknown obfect in this
case is the same key that has been scaled, Figure 2¢) is the recalled,
reconstructed image. The rouncded edges of the recslled image ars artifacts
of the complex-log mapping. Notice that the reconstructed recall is the
unrotated memorized key with some roise caused by errors in the recalled
phase. Fligure 20) i{s a histogras -nicr;j'nphicany displays the
classification vector which corresponds to $°s. The histogram shows the
interplay betveen the memorizec lmages and unknown {mege. The "2" on the
bargraph indicates which of the twelve classes the urdcown object belongs.
The nistogram gives a value which {s the best linear estimate of the imege
telative to the memorized objects. Another measure, the signal-to-nolse
ratio (SNR), is given at the dottom of the recalled image. SNR compares
the variance of the ideal recall after processing with the variance of the
difference between the ideal and actual recall. This is a measure of the
amount of nolse in the recall. The SR does not carty much (nformation
sbout the quality of the recall image because the noise measured by the SNR
i1s due to sany factors such as sisslignment of the center, changing
reflections, and dependence between other memorized objects -- each
affecting quality a variety of ways. Rotation and scale estimates are
made uging vector O corresponding to the difference between Unknown
vector :2 and the recelled vector @5. In an idesl situation D will be a
plane gradlent Indicates the exact amount of rotation and scalg the
recalled object has experienced. In our system the recalled vector ¢, is
corrupted with noise which means rotation and scale have tQ be estimaled.
The estimate is made by letting the first otrder difference 0 at each point
in the plane vote for a specified range of rotation or scale.

Figure 3 is the result of randoaly setting the elements of the memory

R TIPRENY T PO
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matrix to zero. Figurs Ja) shows the ideal recall. Figure ) I3 tre
recall after 30 percent of the memory matrix has been set to zero. Flgure
3¢) is the recall for 50 percent and Figure 3d) is the recsll for 7%
percent. Even when 90 percent of the memory matfix has Deen set to rers a
faint outline of the pin could still be seen {n the recall. This result is
important in two ways. Flrst, [t shows that the distributeg associat!ve
memory s robust in the presence of nolse. Second, it shows that a
completely connected network ls nct necessary and 8s a consequence s sCheme
for cata compression of the memory matrix could be found., wechsler sng
immerman (1989) provide acditional cdetails on the invariant recognition
s Outlined In this section.

£__3.2) Sensory Integration

This section describes a series of experiments whose goal {s to gssess
our spproach to the data fusion provlem. The databased is made w of 1%
classes of colored polyhedral objlects, The oojects were videc taped from
directly above while sitting on a flat surface. Each object class has at
least one other class which presents the same shape in the image. Also
seversl of the classes consistent of objects of the sams color. As
discussed in section 3.3 the stimulus vectors sre of the fora

T T o of
e Gia"‘er;il] where R, G, B corresponds to the red, green, ww

blue chamels of the video recorder. The geometrical transformations
were obtalined by rotating or translating the video camers. The imeges used

to test the system were taken at a different time than the ones used to
4 construct this memory,

Table 1 specifies the catabass (0B) and the transformations the
objects were subject to defore the memory recall operation {s performed.
Each oblect, subject to the linear transformation specifled i{n Teble 1 is
correctly recognized. The actusl recall histograms are shown (n Table 2.
Tadble 3 shows ths resulting histograms obtained in the presence of
occlusion or nofse. Approximately 1/3 of the yellow 12 sided oblect was
erased from the image. A comparison can be made between the results of the
recall with and without occlusion, A uniformly distributed nolse of
varlance sd mean equal to that of the image of the green six sided object
was added. The abject recall, although diminished, was still correct,

The next series of experiments was aimed ot exploring the capability
of our systea when exposed to overlap situations, like those encountered
during bin-picking. The database for this memory consists of six objects.
Thres of the objects have & sice view learned state along with the standarg
top-down view used in the previous example. This memory is tested using
three objects which overlap (the central cbject is supported by the other
two). The camera moves, similar to a conveyor beit, and samples the image
in five distinct locetions, Figure 4 shows several graphs which indicate
how the recsll histogram varies as the camera is moved, The top three
graphs show the response of the three aobjects which were used in the test.
Each of these oblects were memorized in two views - one from the top
locking down and a second view fram the sice. The dotted lime on sll of
the graphs shows the maximum response given by any object in the memory,
The results show that for points close to the central locations of the

SArZRE  srmmypre s Facmas bl s Co
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objects being viewed the response i3 correct. For viewpoints between two
objects the response vas dominated dy one of the objects present in the
{rput. The Orawing 4e) shows the placement of the sampled center points,

4) Conclusion

Out sxperiments demonstrats the feasidbility of our system for 2-
dimensional invarisnt recognition and data fusion. Information, Implleit
in the Input patterns, ls made explicit through the preprocessing
subsysten, This is followed by the distributed associstive memory which
stores and retrieves information. The DAM, because of I(ts distributes
nature, lends robustness to the overall system function in the presence of
noise, occlusion, and other fsctors which degrade performance. Thers are
same procerties of the DAM which are cruclal for data Integration., In the
DAM, the parameters necessary for cosbinming msuyltiple sources are extracted
from the envirorment and recsil is context sensitive. We fesl gn {mportant
aspect of our system {s the natural way {t processes lcomic information
which {s in contrast to Al symbolic aporoaches.

The DAM, like most other NN models, doss not exploit the topographicsl
power naturslly present {n visusl informstion, Examingtions of the viswl
context have shown that visusl information s processed through multiple
mappings of the visusl fields. Incorporation of this type of information
into & NN model could lesd to dramatic compression of the necessary rumwer
of comnections and more processing powsr for visusl tasks. All pattem
recognition technigues, including NN, are sewsitive to the nature of the
training set. If the training set is not representative of the classes
which will be encountared {n the envirorment then the sbilities of the
system to classify and genersiize will be hawered. Ressarch in the area
of NN {s in 1ts infancy, Wwe gxpect the future to dring better
understanding of thess charscteristics along with new sethods of learning.

The computer vision system presented in this paper was designed with
only 2-dimensional metric distortions {n mind. We have shown some sbility
to deal with clustered 3-dimensiomal polyhedrs and are presently extending
our work toward 3-dimensionsl object recognition. We proposs to uss an
approach based on characteristic views (Onhakravarty end Freeman, 1982) or
sspects {Kosnderink snd Van Doorn, 1579) which suggests that the {nfinite
2-dimensioral projections of s 3-cimensional object cen be growped into s
finite number of topologicsl equivalencs classes. An efficient 3-
dimensional recognition system would require a parallel indexing method to
search for abject models in the presence of geametric distortions, noise,
and occlusion, Our object recognition system using distributed assoclative
mamoTy can fulfill thoss requirements with respect to characteristic views.
The strength of biclogical vision and the veaknesses in computational
vision when it comes to smalyzing, sensing, and integrating information
from the envirorment, suggest that certaln aspects need to be incorporstes
into future systems. First, the interpretation of the environment should
be done in 3-dimensions because the woerld is 3-disensionsl., Second,
maintaining spatial Integrity of the scene anc its projection is extremely
faportant for recognition and integration. Third, the integration of
information should take place in an active manner. Finally, and most
importantly, methods of integration need to incluce methods for verifying
sssumptions ad learning from the enviroment,
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200 - 20 sided medium blue; rotation spprox. 30 right
20g - 20 sided gray; rotation 15 left

12r - 17 siced rec; snaller with rotation; very dim
12y - 12 siced yellow; smaller

108 - 10 siced lignt drown: smaller rotated 20

100 « 10 siced crerge; rotation A9

8 sices lignt blue; rotation 30

Bbl « 8 sided black; smaller; extremely dim
8 « 8 sided orange;larger

60 « 6 sided dark blue; larger

63 « 6 sided green; rotation A3

6y « 6 siced yellow; larger

Ab - 4 sided dark blue; rotstion 43

40 <« & sided light blue; smaller rotation 10
40 - 4 sided lavender; rotation 30

Table 1. - Description of 13 Classes of Colored Polyhedral
b jects and Their Corresponding Transformations.



‘tob = scaled and rotated
200 = -0.037122
20g = 0.112992
12r = 0.074970
12y = -0.002770

10b = 0.589933
100 = 0.389303
s = -0.000726
80 = -0.038870
fbl = -0.260333
& = -0.039565
6g = -0.011397
6y = -0.034024
Ab = 0.010866
Ag = 0.018852
ap = 0.08)481
maximm: 100 = 0.589933

sinimum: 601 = 0.260333

8 - rotsted
200 = 0.149574
20g = 0.7226339
12r = 0.091095
12y = 0.033431
10b = 0.072598
1100 = -0.0BA0AY
o = 0.553082
» 0.277205

- 8o
bl = 0.332871

& = -0.155819
6g = -0.0A3836
6y = ~-0.031867
Ab = -0.051010
ag = 0.070805
ap = -0.201123
maximm: Bb = 0.353082

minimm: 4p = -0.201123

{ - (‘I

-~

20b « rotsted
200 = 0.669728
20g = 0.085861
12r = -0.063536
12y = -0.021761
10b « 0,027957
;100 = 0.051344
'‘ab = 0.038651
80 = -0.027160
&ll - -0.?06991
6 = 0.189514
‘69 = 0.076489
6y = -0.013071
Ab = 0.001623
Ag = -0.000553
Ap = 0.080724

maximm: 200 = 0.669728
[minimm: 8Ol = -0.206991

49 - sceled and rotated
200 = 0.099462

20g = -0.005444

12r » 0.101723

12y = -0.092328

106 = 0.102195

100 = -0.020118

b « -0.020353

fo = 0.156823

8bl =« 0.239798

& = 0.177184

69 = 0.033344

6y = 0.007695

&b » 0.112544

ag = 0.43)011

Ap = 0.023719

maximm: 4g =« 0.431811
sinimm: 12y = -0.092328

Teble 2. Responses of the Fusion Memory

100 - rotsted
200 = -0.107486
20g = 0.016014
12r = -0.019775
12y = 0.026568
100 = 0.213287
100 = 0.519179
= 0.014449
= -0.049224
= -0.481672
= 0.266687
= 0.055487
» -0.0060647
= 0.075286
»

E2&385888

¢ 100 = 0.519179
minimun:

bl = -0.481672

L Ql ~'| l"
= - -

12y - scealed
200 = -0.016374
209 = -0.030442
12r = 0.007098
2y = 0.684A78
10b = 0.068339
100 = 0.002150
Bb = 0.072235
80 = -0.12815%
8bl « ~-0.15619%

6 = 0.258971

6g = -0.08521)

6y = 0.036109

Ab = 0.044082

‘g = 0:116001

ap = -0.021450

,nnl”: 12y = 0.684A70
'minimum: 801 = -0.156196

* [d

A

6b - scaled
200 = 0.121183
209 » 0.01820%9
A2t = 0.078140
12y = -0.041012
100 = 0.082051
100 = -0.084216
‘b = 0.009179
” » "00“%97
bl = 0.274767
6 = 0.330043
= 0.152556
6y = 0.0A0148
ab = 0.006260
a9 = 0.003951
w - 000919”
mauimgs: 6b » 0.330043
sinimum: 80 = -0.085697

iab - rotated

200 = 0.033306

209 = -0.043632

12r = 0.102113

12y = -0.053743

10b = -0.021697

100 = 0.045745

8 » 0.077244

” - 0.127757

&l = 0.302109

6 = 0.038464

& [ J J.m’

6y = 0.037143

&b = 0.347842

.ﬂ - nom”

4p = 0.012316
seximm: &b = 0.347642
minimm: 69 = -0.060469‘

o ol
¢ et
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"~ |6g - rotated
200 = -0.049967

T - ‘209 = 0.068956
12r » -0.166670

5§83
ooy
prs!
3
~O

»

a -0.027262
= 0.009852

= 0.012069
™

-

A}
i

2522822

0.461146
0.210a18
0.080270
= 0.052528
aAp = -0.078049
69 = 0.461186
12r = -0.166670

il +]

L
~
-
gs

&p - rotated
720b « 0.135660
20g = -0.034477
12r » -0.036622
f 12y » -0.020435
10b = 0.015881
a - 100 = 0.087427
8 =« -0.062108
¢ DO = 0.04484)
il » 0.13444)
& = 0.063891
" gg = 0.063415
éy = -0.022305 .
~ - &b = 0.059183
AQ « 0.042149
- Ap « 0.3293)9
seximm: 4Ap = 0.329339
l slnimm: 8 = -0.062108

bl - sceled

200 w» -0.009174
209 » -0.018269
12r = 0.046817

12y = 0.016891
10b « -0.01440)
100 = 0.012176
‘8b = -0.000099
lﬁo = -0.006983
8bl = 0.445833
6 = 0,099586
69 = 0,0179A1
6y = -0.013268
Ab « 0.025530
&g « 0.020772
4 = 0.087969

maxlmm: bl = 0.843833
sinlmue: 209 = -0.018269

Table 2. Responses of ths Fuslon Mewory

6y - sceled

200 = 0.026048
209 = -0.044931
12r = -0.226118
12y = -0.033081

100 = 0.107014
100 = 0.043923
8 = -0.078311

= 0.035680
Bl = -0.225961
b = 0.066302
69 = 0.645227
by = 0.68328)
Ab = 0.088817
Ag = 0.024370
4p = 0.032338

,12¢ - scaled end rotated
200 » -0.101214
:m - ﬂo“l‘?l
12¢ = 0,333423%
12y = -0.011372
10b = 0.0%0512
100 = 0.107102
8 = 0.042)%9
8o = -0,090681
am = 0.138120
« 0.11982%
69 = -0.0717%7
6y = 0.077901
80 e -0.016150
49 = 0.032026
» 0.053942
maximum: 12r = 0.333423
(minimm:  20h « -0.101214

80 - sceled
200 = 0.067367
209 « 0.056499
12r = 0.108363
12y = -0.003583
100 = -0.117320
100 = 0.009010
8 = -0.051742
8o = 0.966751
8bl = -0.184686
b = -0.202276
= 0.031A71

maximm: 6y = 0.683283

minimum:

S

12r = -0.226118

| o

b = 0.034253
A9 = 0.124651
ap = 0.37146)
maximm: B0 « 0.986731

minimm: 6b = -0.202278

- ¢ rl o!

20g - rotsted
200 » 0,.074942
209 = 0,789082
12r » 0.209688
12y = -0.032170
100 = 0.009353
100 L o.mlm
8 .= 0.097038
8o = 0.113083
Bl = 0.0836%
s ~0.066733
6y = 0.073837
4b =« -0,14512%
Ag = -0.04653)
Ap = -0,203062
maximum:
i minlmm: Ap =

209 « 0.769082
-0.283062

~r,bmd  E
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200 » =0.016378
» «0.030442

12 « 0.007098
12y = 0.684478
100 = 0.048339
100 = 0.002150
8 0.07235
& -0.128136
8ol = -0.136196
-] 0.258971
s -0.085213

6y o 0.036109
4b = 0,DA4082
Ag = 0.116001
‘p - -0-021450

maximum: 12y = 0,.684478
ainimm: 8bl s -0.156196

without occlusion

208 = -0.049967
20g = 0.0689%6
lu - -0'166‘70
12y = 0.003740
100 = 0.118696
100 = 0.0a45837
s = -0.007578
u - .OOOTmz
1 = 0.009852

6g - rotated

12y = 0.63808%
10d » 0.084088
106 = 0.059%82
& = 0.0865a
80 = =0,140270
Gbl » -0,586859
= 0,114629
s «0.0987%
gy = 0.083607
= 0,118768
] 0-157132
= 0.100319

38

8868

maximum: 12y = 0,638085
‘unm: 80l = «0.56685%

with ocelusion

206 » -0.039071
209 = 0.098584
12t » <0.141738
12y = -0.008002
100 » 0.110771
100 » 0.0512¢3
= «0,05184%
» "almsm
1l = 0.070492
= <0.04257¢
= 0.41336)
= 0.204100
s 0.077T789
= 0.093187
» «(,097903

&g

§853808

maximse: &g s 0.413%61
ninimm: 12r » -0.141738

noise (O0L,agares)

Teble 3. Invariant Recognition to Occlusion and Nalse

.
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