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Abstract—We show the feasibility of using s distributed associative
memory as the recogaition component for s bin-picking system. The
system displays invariance to geometric distortions and & robust re-
spouse in the presence of noise, occlusions, and memory faults. Al-
though our system is primarily concerned with two-dimensional object
recognition we suggest how our method can be extended to handle the
more general three-dimensional case.

Index Terms—Bin-picking, distributed associative memory (DAM),
fault-tolerance, Invariance, object recognition, paraliel computation.

I. INTRODUCTION

UR research is directed at solving the problem of

recognizing objects subject to changes in the geom-
etry of image formation and illumination. Recognize is
used here as a generic term for performing classification,
reconstruction {i.e., evoking a good quality image from
memory), and semantic interpretation. The approach that
we use derives a complex-log invariant image represen-
tation which along with a distributed associative memory
(DAM) yields a system able to recognize a memorized
object regardiess of the scale and rotation it has been sub-
ject t0. The system allows for noise and overlap, is fault-
tolerant, and could be implemented using a parallel dis-
tributed architecture.

The challenge of the visual recognition problem stems
from the fact that the interpretation of an image is con-
founded by several dimensions of variability. Such di-
mensions include uncertain perspective, changing orien-
tation and scale, sensor noise, object occlusion and
overlap, and nonuniform illumination. Machine vision
systems must not only be able to sense the identity of ob-
jects despite this variability, but they must also be able to
characterize such variability. This is so because the vari-
ability in the image formation process inherently carries
much of the valuable information about the world sur-
rounding us. It is interesting to note that humans ¢an rec-
ognize objects when viewed from novel orientations,
moderate levels of noise, and overlap/occlusion, while
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new instances of a category can be rapidly classified.
Available machine vision systems lack such characteris-
tics. They assume limited and known noise, even illumi-
nation, isolated objects, and the object classes are learned
for a limited number of stable states given by their attitude
in space. Both industrial automation, including the bin-
picking problem, and target tracking are severely ham-
pered by such restrictions.

We define the generic bin-picking problem as the search
for the identity of objects O, within a mix given by L «,
where a; can be one of the following:

1) T:(0;) for some geometric change T in object scale
and orientation;

2) N for noise in both input and the storage memory;
and

3) A for ambient illumination.

Solving the bin-picking problem is equivalent to un-
scrambling the mix of degraded objects and picking-up
the identity of the unknown objects one at a time. One of
the crucial concepts for our approach is the availability of
transformations [23]. All mathematical derivation can be
viewed simply as a change of representation, making ev-
ident what was previously true but obscure. This view can
be then extended to all of problem solving—solving a
problem means representing (transforming) it so as to
make the solution transparent. Vision is a sequence of
transformations, some of them camied out in parallel,
whose goal is to capture some invariant aspects of the
world surrounding us.

We begin with a review of solutions to the bin-picking
problem. This review is concerned with both 2-D and
3-D solutions and drives the development of our own sys-
tem. The third section is a brief description of our invar-
iant recognition system which is outlined more thor-
oughly in [24]). The fourth section describes a series of
experiments we performed. We initially address only the
2-D bin-picking problem and then show a promising ex-
tension to the system allowing a partial solution to the
3-D problem. We conclude with our goals for future re-
search.

II. REVIEW OF BIN-PICKING

Industrial automation, both for assembly and quality in-
spection reasons, requires the capability to recognize both
the identity and the attitude in space of objects despite
image variability (noise, uneven illumination, geometric
distortions, and occlusion). Invariant recognition despite
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such variability is generically known as the bin-picking
problem. A survey of solutions suggested to solve the
problem for flat 2-D patterns and volumetric 3-D patterns
is presented. Each method is assessed in terms of com-
putational requirements (memory and speed of computa-
tion), performance, invariance, and system approach.
The case can be made that once a computational task is
defined, one has to choose appropriate image representa-
tions and the algorithms suitable to operate on such rep-
resentations. We detail next some of the main approaches
for bin-picking and discuss their limitations. All methods
are based on matching between derived image represen-
tations and ‘‘leamed’’ models prestored in memory.

A. 2-D Approaches

1) The Feature-Based Approach: Most of the com-
mercially available machine vision systems [9] are re-
stricted to binary vision and/or silhouette defined objects.
Connectivity analysis for defining blobs and/or edge de-
tection to determine outlines are the main methods used
to locate potential objects. Information about the surface
of the object, like texture, is discarded and the environ-
ment is assumed to be noise free. Specifically, the illu-
mination is even, no shadows are allowed and objects do
not touch each other. Feature extraction vields properties
like perimeter (P ), area (A4), major and minor axes, min-
imum and maximum radii (from the center of gravity to
object’s boundary), compactness (C = P*/4xA). Such
properties are invariant to rotation and translation. Scale
invariance is explicitly achieved through system calibra-
tion. Statistical classifiers then use such features for ob-
ject recognition. The silhouette based systems use a
polygonal approximation for the object’s boundary. The
segments used in approximation are like letters in some
alphabet and their characteristics are in terms of length
and orientation. The joins (angle) between such segments
approximate grammatical constraints. Syntactical pattern
recognition and/or graph search algorithms are then used
to identify the objects.

2) Intrinsic Functions and Correlation: Once occlu-
sion is taken into consideration there is the need for sub-
template matching. One particular object representation
which facilitates such a task is the intrinsic (§ — s) (par-
ametric) curve {18] where the angle of the slope (8) and
the corresponding arc length (s) along the boundary are
used as a new system of coordinates. The § — s represen-
tation allows descriptions of the form 6(s) where a change
in orientation (o) in the x — y space corresponds to sim-
ply adding () to 8(s) in the # — 5 space. The method is
sensitive to the quantization noise introduced when deter-
mining the boundary curvature 8(s). Funthermore, one
has yet to determine what subtemplates are salient.

3) The Hough Transform: The Hough transform is im-
plemented through the use of an accumulator array, and
subtemplates (§ — s) matches for each of the (mechani-
cal) parts to be recognized point to possible objects and
their centroids. The goodness of the fit is used to incre-
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ment the accumulator cells selectively. Specifically. \f B
and 7 stand for the object boundary and a particular tem-
plate. respectively. then by defining 7 as T rotated by
180°, it can be shown [21] that convolution between B
and T is equivalent to cross-correlation between 8 and 7.
In other words. the attempt to implement the Hough trans-
form by looking for potential matches between the bound-
ary B and the rotated template T is equivalent to match-
filter detection. One can hardly overemphasize the fact
that most of object recognition and therefore, bin-picking,
is match filter in one form or another. Occlusion is dealt
with by determining the saliency of the subtemplates in
terms of local properties. Orthogonality of the subtem-
plates-coordinates systems is achieved through factor
analysis/minimization over the whole set of parts to be
recognized.

Saliency of subtemplates through appropriate weighting
factors can improve the unrestricted use of the Hough
transform. Drawbacks in using the Hough concept are
mainly related to the memory requirements needed to im-
plement big accumulator arrays, and the computation it-
self, which can be quite wasteful due to the exhaustive
nature of the algorithm,

4) March Filters: The solutions suggested for solving
the bin-picking problem vary in their generality. Partial
solutions can be considered as well, whereby one merely

“attempts to locate potential holdsites for enabling a robot

end-effector to grasp and to hold to a mechanical pan.
Recognition of the part, if and when needed, could fol-
low. Dessimoz, Birk, Kelley, and Martins {11] suggest
the use of match filters for a task as described above. As-
sume that the holdsites are described by local masks
p(i, j) and that the original image (D) is given as f (i,
Jj ). Potential holdsites are then located when the similarity
between f and p is high, or equivalently for those loca-
tions where the error E* is minimized. E° is minimized if
the cross-correlation of f and p as given by f(i + m,
j + n)p(m, n) is maximized. If the energy (illumination)
of the image is not uniform then normalized cross-corre-
lation should be used.

5) Probabilistic (Labeling}] Relaxation: Bhanu and
Faugeras {3} suggest the use of probabilistic labeling. The
approach is based on relaxation [10] and is similar to the
Viterbi algorithm. The object is given as a polygonal ap-
proximation and one attempts to label each segment as
one of the predefined subtemplates. Optimality is achieved
by seeking for the best solution in a global sense. Com-
putational requirements are high as noted by Ayache er
al. [1] because all the potential solutions are calculated
and stored.

6) Graph Theory: Given one image representation and
a corresponding memory model one has to perform some
kind of (sub)graph isomorphism, which is known to be
NP-complete. Different strategies can be used to speed-
up the computation. One can look for maximum cliques
[5]. use some heuristic evaluation function (to prune out
unlikely matches) within the framework of the A* algo-
rithm [2], and/or do clustering analysis in some feature
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space, maybe helped by the MST (minimum spanning
tree) approach.

B. 3-D Methods

1) Geometry: An idea whose origin comes from dif-
ferential geometry is that of the Gaussian sphere and EGI
(extended Gaussian sphere) [13]. The EGI is equivalent
to an onientation histogram corresponding to the normals
(‘“*needles’’) as estimated across a 3-D structure.

The EGI have many potential problems. The *‘needle’”
map is obtained through the use of photometric stereo and
is highly dependent on the illumination. Fluctuating illu-
mination and shadows can easily distort the results. As
Yang and Kak [26] point out, the EGI method could ben-
efit from the use of range instead of brightness as an in-
trinsic characteristic. High computational requirements
and the difficulty to deal with occlusion are additional
drawbacks of the EGI. The generation of models in terms
of their EGI is also quite difficult.

2) Deprojection and Recursive Estimation: Ayache
and Faugeras [1] suggest an approach called HYPER (hy-
potheses predicted and evaluated recursively). The
method has an Al flavor by considering (suggesting) dif-
ferent hypotheses, making predictions and then verifying
them. The loop is traversed until enough confidence is
gained. Estimation about the attitude of the object, as-
suming rigidity, is made recursively through the applica-
tion of a Kalman filter. Specifically, the objects are given
as polygonal approximations, including salient segments
with which the match stants. The affine transformation
which maps some model into the image is given as 7(4,
k, 1., 1,), where 8, k, 1,, t, stand for rotation, scale, and
translation. Estimating T allows one to locate the attitude
of the object in space. HYPER operates in an iterative
fashion using a Kalman filter.

3) Graphics Primitives or CAD Approach: Computer
vision has been characterized by an attempt to find rep-
resentations which are complete enough to capture phe-
nomena in the three-dimensional environment and limited
enough for easy, fast solutions to the tasks at hand. Com-
puter graphics, which seems to be the inverse of the com-
puter vision problem, has well understood the need for
primitive representations. As a result much of the work
beginning with Roberts [20] in 1967 has been directed at
using these graphic primitives for computer vision tasks
including the bin-picking problem. Many of these models
are edge-based and disregard surface information [12],
[16]. Being edge-based they are limited in their ability to
extract edges from images in the presence of noise, spu-
rious surface markings, and illumination changes. These
methods are difficult to evaluate. There is some evidence
for these volumetric primitives being used in biological
vision [4].

C. Reevaluating the Problem

A recent survey by Chin and Dyer [8] summarizes and
compares different recognition methods. They also con-
clude that the available methods lack in generality. The
2-D techniques, based on edge (silhouette) detection, fall

within three major classes: 1) global feature methods (lik=
the SRI Machine Vision System): 2) structural featurs
methods [22]; and 3) relational graph methods {5]. The
global feature methods are faulted for not being able w
handle noisy images and/or occlusion. The structural fes-
ture method is expensive both in terms of feature extra:-
tion and matching and lacks the invariance property. The
relational graph method also fails with respect to invan-
ance and slow matching. and can handle occlusion only
if key features are apparent. Finally, 3-D object-centered
representations are only starting to appear and there are
no conclusive results regarding their applicability.

We describe an alternative, to the methods outlined pre-
viously, based on DAM's, which could eventually solve
the bin-picking problem by directly addressing the prob-
lems of unknown orientation, sensitivity to noise, illu-
mination, and occlusion.

II. MeTHODOLOGY

The machine vision system that we have canstructed
performs classification (recognition) and reconstructior.
The system is invariant to image rotation and scale, and
is fault-tolerant. New instances of objects can be classi-
fied and reconstructed according to the previously mer-
orized objects. The system responds robustly in the pres-
ence of noise, occlusion, and overlap, and random faults
in the memory. Such performance is achieved through the
integration of two subsystems, as shown in Fig. 1. The
first component derives an invariant representation, while
the second component builds and interprets the distributed
associative memory (DAM). The recall or matched rec-
ognition compares a derived invariant image representa-
tion with the DAM and yields invariant object recogni-
tion. The next sections detail both subsystems.

B. Preprocessing-Invariant Representational Subsyster.

The block diagram which describes the various func-
tional units involved in obtaining an invariant image rep-
resentation is shown in Fig. 1. These units are described
more completely in [24]. The filtered image is complex-
log conformally mapped so that rotation and scale changes
become translation in the transform domain. Along with
the conformal mapping the image is also filtered by a
space variant filter to reduce the effects of aliasing. The
conformally mapped image is then processed through a
Laplacian in order to solve some problems associated with
the conformal mapping [24]. The Fourier transform of
both the conformally mapped image and the Laplacian
processed image produce the four output vectors. The
magnitude output vector | ® |, is invariant to metric trans-
formations of the object in the input image. The phase
output vector ¥, contains information concerning the spa-
tial properties of the object in the input image. The rest
of this subsection describes the various components in
more detail.

The complex-log mapping transforms radial lines inwo
vertical lines and concentric circles into horizontal lines.
Each point (x, y) on the plane can be described mathe-
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Fig. 1. Block diagram of the system.

matically by z = x + jy. The corresponding compiex-log
mapped points w' are given by

w =1In(z) = In(|z]) + jb. (1)

where |z| = (x* + y*)/?and 6, = tan™" (y/x).

Our system sampled 256 X 256 pixel images to con-
struct 64 X 64 complex-log mapped images. Samples
were taken along radial lines spaced 5.6 degrees apart.
Along each radial line the step size between samples in-
creased by powers of 1.08. These numbers are derived
from the number of pixels in the original image and the
number of samples in the complex-log mapped image. An
excellent examination of the different conditions involved
in selecting the appropriate number of samples for a com-
plex-log mapped image is given in {17]. The nonlinear
sampling can be split into two distinct parts along each
radial line. Toward the center of the image the samples
are dense enough that no antialiasing filter is needed.
Samples taken at the edge of the image are large and an
antialiasing filter is needed. The image filtered in this
manner has a circular region around the center which cor-
responds to an area of highest resolution. The size of this
region is a function of the number of angular samples and
radial samples. The filtering is done, at the same time as
the sampling, by convolving truncated Bessel functions
with the image in the space domain. The width of the
Bessel functions main lobe is inversely proportional to the
eccentricity of the sample point. More information on this
and similar transformations can be found in [6], {17}, [19],
[25).

The next box in the block diagram of Fig. 1 is the Fou-
rier transform. The Fourier transform of a two-dimen-
sional image f (x, y) is given by

o

N

and can be described by two two-dimensional functions
corresponding to the magnitude ® and phase ¢. The mag-
nitude component of the Fourier transform carries much
of the contrast information of the image, while the phase
component of the Fourier transform carries information
about how things are placed in an image. The Fourier
transform has many properties which make it a useful tool
for pattern recognition. A property, parnicularly useful for

[l y)e T dxdy (2)

F(u, v) = §

our purpose, is that the magnitude of the Fourier trans-
form is invariant to translation and that information about
the translation of an object in an image is carried in the
phase of the Fourier transform. Translation corresponds
to a linear phase component. In the block diagram of Fig.
1, the complex-log mapping transforms rotation and scal-
ing into translation. The magnitude of the Fourier trans-
form of the complex-log mapped image is invanant to
these translations.

The Laplacian is used in our system to handle the prob-
lem related to the size invariant aspect of the complex-log
mapped image. When an image is scaled from smaller to
larger a translation occurs in the complex-log mapped im-
age but the points left vacant by the translation are filled
with more samples from the center of the image. If the
object in the image has no hole in its center the new sam-
ples which take the place of the translating points will in
general be very similar to those translating points. This
has the effect of stretching and not simple translation in
the complex-log mapped image. The Laplacian eliminates
this problem by sharpening the edges and setting to zero
regions that do not change much. It also eliminates the
need for windowing the Fourier transform, so that anifi-
cial frequencies will not interfere with discrimination. Fi-
nally, it extracts edges which can enhance the differences
between the objects that are memorized thus improving
the memory recall.

B. Distributed Associative Memory (DAM)

The key to the overall system is the distributed associ-
ative memory [15]. The panticular form of distributed as-
sociative memory that we deal with in this paper is a
memory matrix which, like a filter, can modify the flow
of information. Stimulus vectors are associated with re-
sponse vectors and the result of this association is spread
over the entire memory space. Distributing in this manner
means that information about a small portion of the as-
sociation can be found in a large area of the memory. New
associations are placed over the older ones and they are
allowed to interact. This means that the size of the mem-
ory matrix stays the same regardless of the number of as-
sociations that have been memonized.

The above discussion illuminates several propernties of
distributed associative memories which are different from
the more traditional ones about memory. Because the as-
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sociations are allowed to interact with each other, an im-
plicit representation of structural relationships and con-
textual information can develop, and as such a very rich
level of interactions can be captured. Since there are few
restrictions on what vectors can be associated there can
exist extensive indexing, cross-referencing. or intramodal
data fusion in the memory. As a direct result of distrb-
uting the associations, this type of memory lends itself
easily to parallel processing. Because information is dis-
tributed in the memory, the overall function of the mem-
ory becomes resistant to noise, faults in the memory, and
degraded stimulus vectors.

The construction of the memory begins with n pairs of
m-dimensional vectors that are to be associated. This can
be written as

(3)

where §; denotes the ith stimulus vector and 7; denotes the
ith corresponding response vector. (A top-down, left-to-
right raster scan of an image yields such vectors.} We want
to construct a memory matrix M such that when the kth
stimulus vector 5, is projected onto the space defined by
M the result will be the corresponding response vector 7.
Specifically, we want to solve the following equation:

MS =R (4)

where § = [5,[5;| - -~ |S,Jand R = [/ [R] -~ - |F].
A unique solution for this equation does not necessarily
exist for any arbitrary group of associations that might be
chosen. Usually, the number of associations n is smaller
than m, the length of the vector to be associated, so that
the system of equations is underconstrained. The con-
straint used to solve for a unique matrix M is that of min-
imizing the square error (i.e., min |MS — R[?). The
solution to the optimization (4) is given by

M = RS* (5)

where $* is known as the Moore-Penrose generalized in-
verse of § [15]. The stimulus and response vector inter-
action should not be confused with simplistic stimulus-
response associations because they interact with each other
through M in a more complex way.

The recall operation projects an unknown stimulus vec-
tor § onto the memory space M. The resulting projection
yields the response vector 7

F = MS. (6)

If the memorized stimulus vectors are independent and the
unknown stimulus vector § is one of the memorized vec-
tors §;, then the recalled vector will be the associated re-
sponse vector 7. If the memorized stimulus vectors are
dependent, then the vector recalled will contain the as-
sociated response vector and some crosstalk from the other
stored response vectors.

The recall can be viewed as the weighted sum of the
response vectors. The recall begins by assigning weights
according to how well the unknown stimulus vector

Ms; =7 fori=1,---,n

matches with the memonzed stimulus vectors using a lin-
car least squares classifier. The response vectors are mul-
tiplied by the weights and summed together to build the
recalled response vector. The recalled response vector is
usually dominated by the memorized response vector that
is closest to the unknown stimulus vector. The distnibuted
associative memory will have interactions between the dif-
ferent associations and thus allow some (leamning) gen-
eralization of responses to previously unknown stimuli.

Fault tolerance is a byproduct of the distributed nature
and error correcting capabilities of the distributed asso-
ciative memory. By distributing the information, no
memory unit carries a lot of information critical to the
overall performance of the memory.

IV. EXPERIMENTS

In this section we discuss the results of several com-
puter simulations of our system. The computer simulation
occurs in three phases: construction, recall, and recog-
nition. In the construction phase associations that have to
be memorized are used to construct the memory matrix.
In the recall phase an unknown object is processed and
then projected onto the memory matrix to produce a re-
called vector. In the recognition phase the recalled vector
is used to reconstruct, classify, and estimate the scale and
rotation the object has gone through.

Images of objects are first preprocessed through the
subsystem outlined in Section III and shown in Fig. 1.
The output of such a subsystem is four vectors: |¢|,, ¢,,
[*];, and ®,. We construct the memory by associating the
stimulus vector | ® |, with the response vector &, for each
object in the database as described in Section III-B. To
perform a recall from the memory the unknown image is
preprocessed by the same subsystem as the memorized
images to produce the vectors | & [, &, | # |, and &,.
The resulting stimulus vector | 8 |; is projected onto the
memory matrix to produce a response vector which is an
estimate of the memorized phase vector ®,. The estimated
phase vector &, and the magnitude vector | & |, are used
to reconstruct the memorized object. The difference be-
tween the estimated phase &, and the phase &, is used to
make an estimate of the rotation and scale the object in
the image has undergone.

A. 2-D Bin-Picking Experiments

The database of images consists of twelve different ob-
jects: four keys. four mechanical pans, and four leaves.
The objects were chosen for their essentially two-dimen-
sional structure. Each object was photographed using a
digitizing video camera against a black background. The
f-stop of the camera was adjusted such that the contrast
of the object did not saturate. It should be emphasized that
all of the images used in creating and testing the memory
system were taken at different times using various camera
rotations and distances. The images are digitized to 256
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X 256, eight bit quantized pixels, where the object covers
an area of about 40 x 40 pixels. This small object size
relative to the background is necessary due to the non-
linear sampling of the complex-log mapping. The objects
are centered within the frame by hand. This is probably
the source of much of the noise and could have been done
automatically using the object’s center of mass. Also, each
object that is used to construct the memory has its major
axis vertical; this choice is made arbitrarily. The two-di-
mensional images (magnitude and phase) that are the out-
put from the invariant representation subsystem are
scanned horizontally to form the vectors stimulus 3 = ||,
7 = &, for memorization. The image database used for
these experiments is shown in Fig. 2, and we are con-
cerned with recovering the identity of that object O, which
sits in the bin, possibly on top of some pile of other ob-
jects, and evoking a good quality image.

Fig. 3 displays the significant improvement observed
when the input is highly corrupted by noise. Specifically,
the recall operation, attempts to recover a key (a, = key)
embedded in heavy noise (a; = Noise of SNR = -3
dB). The key is recognized and the recall’s SNR (com-
pared to the ideal recall) is equal to —0.9 dB.

Fig. 4 is an example of both occlusion and some geo-
metric transformation of one of the objects in the data-
base. The unknown object in this case is a;, = leaf, which
is rotated from the memorized leaf as given by the trans-
formation T;. A portion of the bottom was occluded by
a,. The problem is equivalent to recovering o, from the
mix given by T, (a;) + a;. The resulting reconstruction
is very noisy but has filled in the missing part of the bot-
tom of the leaf. The noisy recall is reflected in both the
SNR and the interplay between memories shown by the
histogram. .

We consider in the next three examples the case of
overlapping. Specifically, the generic case is given by
ET,(0;) + N, i.e., objects O, subject to some geometric
transformation as given by T, overlap, and the resulting
image might be corrupted by some noise N due to the im-
age formation process.

Fig. 5 is an example of overlapping a rotated key over
a rotated leaf. The recall histogram vector picks up the
key (item 7) and the leaf (item 11) as the top two best
estimates. Fig. 6 is another example of overlapping two
parts. Specifically, a rotated pin (item 1) sits on top of a
rotated and scaled *‘S’’ curve (item 4). Finally, we con-
sidered the case where three parts overlap. Fig. 7 has a
pin on top, an *‘S’’ in the middle and the key at the bot-
tom. The parts were subject to transformations similar to
the ones described above. The recall histogram again suc-
ceeds in identifying the correct objects as the pin (item
1), the *‘S" curve (item 4) and the key (item 7). The rel-
ative magnitude of the recall histogram elements is not
necessarily a clear indication regarding the order of the
elements in the pile. Additional factors such as relative
size and centering should be considered as well. Further
processing, in the form of some model-based production
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Fig. 4. Recall using a rotated leaf with occlusion.
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rules based on considerations as given above could pos-
sibly identify the exact order of the elements.

B. Extensions for 3-D Pin-Picking

The next senies of experiments explore the capability of
our system when exposed to situations where the object’s
projected shape can change dramatically with viewpoint.
The memory consists of six polyhedral objects. The
(video) database used to construct this memory is shown
in Fig. 8. Three of the objects [Fig. 8(a), (b), and (c})] are
learned in both a side view and the standard top view. In
this paradigm, recognition of the objects in three dimen-
sions depends on matching the given projection of the ob-
ject with one of the memorized characteristic views. The
memory is tested using an image of three objects, which
overlap as shown in Fig. 8(g), and diagramed in Fig. 9(e).
In the test image the eight-sided object [Fig. 8(b)] is sup-
ported by the six-sided object {Fig. 8(c)] and the twenty-
sided object [Fig. 8(a)]. The camera moves, similar to a
conveyor belt, and fixates the overlapping objects in the
test image at three distinct points shown in Fig. 9(e). Fig.
9 depicts several graphs which indicate how the recall his-
togram varies for a given object as the camera moves. The
first three graphs show the response of the system to the
objects used in the test image. For example, Fig. 9(a)

view | view 1

) Twenty Sudat Object
view | view2
b) Eight Sided Objeca
view | ew 2
€) $ix Sided Obyjecz
) Four Sided Object &) Tweive Sided Object 1) Tem Sided Object

O Temt h.qe
Fig. 8. Database for overlapped configuration.

displays three curves. The solid line corresponds to the
response of the first view and the dashed line corresponds
to the response of the second view of the twenty-sided
object. The dotted line indicates the maximum response
of the system to each object in the database. Note that the
twenty-sided object had a maximal response for view one
at sampling points 4 and 5. These points are near the cen-
ter of the twenty-sided object in the test image. The re-
sults for all of the objects show that for sampling points
close to the central locations of the objects the recognition
is correct. For sampling points between objects the rec-
ognition response is dominated by one of the objects pres-
ent in the input and close to the fixation point.

The previous example emphasizes two results. First.
the experiment demonstrates the ability of the system to
operate on clustered objects. The object views are mem-
orized in isolation, so it is not immediately apparent that
the system can recognize individual objects within a group
of objects. Second, changing viewpoints leads to dramatic
changes in the projected image of a three-dimensional ob-
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Fig. 9. Recognition results for overiapped configuration.

ject. The experiment shows that at least for simple poly-
hedral objects, recognition can be carried out using mul-
tiple views.

V. CONCLUSIONS

We have suggested in this paper the DAM for bin-pick-
ing and showed the feasibility of such an approach. The
system developed displays invariance to sensor noise,
geometric distortions (scale, rotation, misalignments) and
occlusion/overlap. Furthermore, extensions to the system
allow the 3-D bin-picking problem to be addressed. There
are some weaknesses in the Neural Network (NN) model
we have chosen for the heart of the recognition system.

" The distributed associative memory we use is linear, and
as a result there are centain desirable properties which will
not be exhibited by our computer vision system. For ex-

L

Masimum response

D]

ample, feedback through our system will not improve re-
call from the memory. Recall could be improved if a non-
linear element, such as a sigmoid function, is introduced
into the feedback loop. Nonlinear neural networks can
achieve this type of improvement because each memo-
rized pattern is associated with stable points in an energy
space. The price to be paid for the introduction of nonlin-
earities into a memory system is that the system will be
difficult to analyze and can be unstable. Implementing our
computer vision system using nonlinear distributed asso-
ciative memory is a goal for future research.

The DAM, like most other NN models, does not ex-
ploit the topographical power naturally present in input
visual information. Examinations of the visual cortex have
shown that visual information is processed through mul-
tiple mappings of the visual field. Incorporation of this
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type of information into 38 NN model could lead to dra-
matic compression of the necessary number of connec-
tions and more processing power for visual tasks. All pat-
tern recognition techniques, including NN, are sensitive
to the nature of the training set. If the training set is not
representative of the classes which will be encountered in
the environment than the ability of the system to classify
and generalize will be hampered. Research in the area of
NN is in its infancy. We expect the future 10 bring better
understanding of these charactenstics along with new
leaming methods.

The computer vision system prescmed in this paper was
designed with only two-dimensional geometric distortions
in mind. We have shown some ability to deal with clus-
tered three-dimensional polyhedra as presented in the pre-
vious experiments. We are presently extending our work
toward three-dimensional object recognition. We propose
to use an approach based on characteristic views {7} or
aspects [14] which suggests that the infinite two-dimen-
sional projections of a three-dimensional object can be
grouped into a finite number of topological equivalence
classes. An efficient three-dimensional recognition sys-
tem would require a parallel indexing method to search
for object models in the presence of geometric distortions,
noise, and occlusion. Qur object recognition system using
distributed associative memory can fulfill those require-
ments with respect to characteristic views.
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