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Solving Shape Based Object Recognition from a Computational Standpoint -
Practical and Physiological Constraints.

Abstract

The approach to shape recognition basal upon the useof "Pairwise Geometric Histograms' (PGHs) [9] wasoriginally
develogd for a project which aimed to make use of semi-realistic neural network models as the basis for a shape
recognition system [18, 19]. In the course of publishing the PGH work however, it became clear that we could
not continually relate the biological motivation in papers intended for a computer vision audiene. This document
attemptsto explain the many constraints which were takeninto account during the formulation of this approach, and
howthe methad wasintended to match realistic neuronal mechanismswhile at the sametime solvethe computational
complexities assaiated with the matching of boundary shagesin real images. Commentsare included from Charles
Leek, who criticises the ideas from the perspective of current viewsin psychophysics.

Intro duction

The fundamental questionin the subject of computer vision is; Can we understand the processof visual recognition
and build systemswhich have similar capabilities?

The approac to object recognition in the vision literature can crudely be divided into two camps. The rst is the
standard computational vision approac which involvesthe building of object models and then using information
on geometric constraints betweenfeaturesasthe basisfor object location and recognition ( [4, 13] Guard, Pollard).
The secondis typi ed by the works of Poggio, Siebert and Adelman [15] where the concept of an object model is
completely abandonedand replacedby a seriesof standard views. Recognition of non-standard views is achieved by
a processof interpolation. This whole processcan be designedand implemerted in a neural network architecture,
which being parallel should provide a scalablesolution from small to large scalerecognition tasks. The advantage
that this secondapproach has is that it is much easierto construct standard views of an object from example
2D vision data than it is to construct geometric models. Though these methods do not provide quartitativ e
location and orientation information the approad is much more suited to the developmert of a learning system.
Although this advantage hasbeendemonstrated, applications have beenlimited to unrealistic recognition problems
such as stick objects and silhouettes. There have beenno real attempts to deal with the problems of noise and
segmetation encourtered in the extraction of image features from real vision data. Largely this is becausethe
input represenations used have beenvery primitiv e and have not beendesignedto cope with these problems. A
common approac is to model all possible variations of the image data, such as the Active Appearance Model
(AAM). In doing so considerablee ort must be expendedin describing data which may be of no real useto the
recognition process. There seemsto be a needfor a more sophisticated represenation of shape designedto cope
with the above problems. It is natural to extend the geometrical constraints used for model based matching for
this task and this is the main subject of this paper.

Constraining the Problem

The human brain is complex and a model for visual recognition will require someconstraints on potential designs
if we are to make headway. Much is known regarding the microscopicbio-chemical structure of individual neurons
(eg: Hubel and Weisel). Equally, quite a lot is known regarding the macroscopicmodular structure of the brain (eg:
Pen eld et al.). However, neither of these levels of description allow us to really understand the computational
processesinvolved in sceneinterpretation. Human cognition is an area which requires expertise from seweral
disciplines, many branchesof sciencecould now be thought of as de ning “understanding the brain' asthe main
goal for researd. In the situation where we cannot be expectedto be experts in all of these areas, all we can do
is to try and identify the main mechanismswhich cortribute to “data processing'within the brain.

We start by assuming modularity, that separate modules exist for the purposesof represenation of featuresin
external imagesand for recognition. Second,that the model should not encade and transmit data in a way that
could not be encaded and transmitted by neurons. Our third constraint is that we expect this modular systemto
make optimal use of data, we will explain how we de ne optimal below.

The human vision system s in the businessof prediction. It must learn to make valid decisionsfrom imagesin
a way which minimises mistakes. We have an opportunity hereto learn from the experiencesof computer vision



researders. It has beenrecognisedby many that the only way to reliably build computational analysis systems
is to use quartitativ e statistics. The reasonfor this is that, the optimal performancewill occur when this system
correctly assesseshe probability of a particular outcome given the data, this is statistical decision making. We
might hope that the processof ewolution has endowved us with near optimal performancein this respect.

Demanding a statistical interpretation of algorithms it is a very useful way of assessinghe limits of what can be
extracted from data. It provides a best casescenariofor an object model hypothesis. Any model of the human
visual system which cannot solve the task with the available data cannot be correct and the correct model must
use additional information. This implies a natural direction for the consideration of top-down versus bottom-
up models and for fusion of results from candidate modules. We should attempt to solve processingtasks with
individual modules using speci ¢ feature types rst and fuse results from multiple modules when this fails. We
should attempt bottom-up approachesup to the point that we nd top-down information is needed. Solutions
which do not usetop-down information are more generic, as they do not require prior experienceof the data in
order to extract information. The third constraint is therefore equivalent to requiring that workings of the system
must have identi able statistical principles.

Our basic constraints on any suggestedmodel are therefore modularity, neuronal plausibility and statistical opti-
mality, but we must also not forget the goal. We must seeka computation model with real capability with regard
to the intended task, sudh capability can only be demonstrated by simulation. Ultimately, we would expect the
model to display aspects of human performanceand the modularity of the systemshould be consistert with results
obtained from psychophysics experiments. However, we should not jump too quickly to demand identicality with
human perception. Despite our everyday familiarit y with the task, vision is clearly complex, whole books have
beenwritten on the subjects of vision, visual processingand computational vision. Even if we restrict ourselves
to speci c aspects of visual recognition capability, designinga computational processwith useful capabilities is
di cult.

We must insist from the outset that the system dealsappropriately with illumination changesand is invariant to

position. Depending upon the competencemodelled we may also needto require scaleand rotation invariance. We
must alsoremenber that objects can be rotated within the plane of the image (so that information content of the
image doesnot change)or rotated out of plane of the image, sothat the available information can not only change,
but changediscortin uously due to qualitativ e changesin the visible features. Finally, there are confounding factors
such as clutter and occlusion. Only a computational approach which can be shown to deal speci cally with these
issuescan be acceptedas a real candidate for a module in a model of visual perception. We must therefore seek
represenations of features which are automatically computable from image data in a way that sud factors can
be dealt with appropriately. It is too easyto start by de ning object characteristics at the feature level, without

considering rst if a real system could produce thesefeaturesreliably from an image.

In order to explain the motivation for our suggestedmodel we will start by looking at the constraints imposedby
neuronal function, how thesemight be related to a statistical decisionprocessand nally how to take data presert
in an image and extract from it featuresin a suitable form for usein sud a system.

Neuronal Mo dels

The aim of this sectionis to discussthe following question; If the brain is performing statistical decision making
with frequency coded signals, what is the equivalent statistical function?

The prototypical neuron is often de ned as a structure for generating and transmitting neuronal pulses (Figure
1(a)). The chemical mechanismswhich underlie this are described in terms of a sodium/p otassiumimbalancewhich
is maintained by a sodium “pump'. The signalsgeneratedare transmitted alongaxonsin the form of discrete pulses
in the range of se\eral to a few hundred hertz. Thesepulsesare mediated betweenneuronsat synapsesvia chemicals
such asacetylcholine. The cumulativ e responseto many suc pulsesimpinging on the synapsesof other neuronsis
yet more frequency coded signals. The details and structure of neuronsvaries greatly around the brain, but here
we will assumethat the important aspect of all neuronal ring is the represenation of information as frequency
pulses.

Work by Kohonen [11, 12] is a very popular model of neuronal function. It promoted the idea that the mapping
betweendata and nodesin a neural network must depend upon a dot-product weighting function (Figure 1(b)).
This is physiologically plausible, given the known anatomy of neurons,whereasdi erence basedmeasuresare not.
A Kohonen-like algorithm assumesa particular property of the learned space. Speci cally it assumesa limited
dimensionality (typically 2). Topological mapping is obsened in physiology, but may only be usedto span an
input vector spacewith available resources.It may not have much further computational value.



The arti cial neural network ART (Adaptiv e ResonanceTheory), designedby Grossherg [6, 7], re ected detailed
physiological studies of ring rates in brain tissue. Grossberg says that local connectivity is mainly used for a
competitive mechanism which performs the (winner-take-all) decision process. ART relies on frequency-caled
information (such asneuronal ring rates), responding directly to a certain number of input impulsesover a given
period of time. Worth mentioning is the assumption that the results of the physiology studies re ect ring-rates
in the brains memory modules, as this forms the basis of Grosskerg's model. ART integrates the notion of a
frequency-encaed represeration with the concept of dot-product weighting as described by Kohonen.
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Figure 1: A prototype ‘real' neuron and its computational analogue.

The advantage of such a medhanism is that it allows a zero weighting to be ignored by the network's nal output,
a desirable characteristic if a systemis to function in the real world where data is often cluttered or incomplete.
Grossberg also developed the concept of direct competition betweennodesin a network and the idea of “winner-
takes-all' as a plausible strategy for this kind of model.

Arti cial neural networks such as ART are already functioning in a way which makesimplicit decisionsregarding
the processingof input data. For examplepattern recognition, or the requiremert to add a newnodeto the network.
In order to make theseprocessesnore explicit Thacker et al [18] devisedan algorithm, CLAM (Contextual Layered
Asscciative Memory), asa statistical re-engineeringof ART. We may have naively expectedthe brain to implement
a chi-square measurefor the comparison of Poissondistributed data, asthis is the most frequertly recommended
statistical measurefor this task.
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where h; are frequency measures(eg: histogram bin values) and t; is the theoretical prediction. Unfortunately,
this di erence measure(as explained above) would not be physiologically plausible. This measureis however, only
a comparisonof Poissondistributions asan approximation to a Gaussiandistribution with variancet;. In fact we
have been able to showv [21] that a better approximation to the probability of getting the histogram data given
the model is given by; X p_ b, N X p

log(P) ( hi t)® = jhj + jtj 2 hit;
I
The nal term here (which doesall of the discrimination for setsof dissimilar patterns t) can easily t within the
dot-product restrictions of neuronal tissue. In addition, this form permits the storage of all template histogramst
in normalised form; X

ti = 1

asrequired by these network architectures.



In this network architecture the dot-product metric can be directly interpreted as a maximum likelihood measure
for the comparison of frequency coded signals via the above relationship. The winner-take-all interpretation of
neuronal behaviour can then be determined by computing the probability that a particular pattern (t) would

have the largest responseto the dot-product measurein competition with its neighbours P(t; = maxjh). In

addition, the statistical method of probability recoding can be usedto compute the conditional probability that

a given piece of data is consistert with a particular hypothesis (P (Cjh)) by summing over the layer of neurons
represerting histogram templatest; [19].

X
P(Cjh) = P(Citj)P(t;jjh)
i
whereP (Cjt; ) arelinks to aclassi cation layer, establishedduring the training process.Onceagainthis calculation
is in the form of a dot-product and the output P (Cjt;) can be represerted as a ring frequency and therefore
be computable on a neuronal analogue. Using the above calculations CLAM is able to compute the reliabilit y
of the answer to the statistical question being asked basedon the available data. CLAM is designedto be self-
generating - it is capable of growing its own nodes if the assessedeed for these exceedssome pre-determined
statistical threshold. The CLAM network is also designedto support hierarchal layering of classi ers, for example
classi cation of “setsof .. setsof' features.

The main feature of this approac is that the natural relationship betweensignal and varianceinherent in Poisson
statistics can be usedto construct a measurewhich takes accourt of the accuracy of the encaded data. Such
information cannot be ignored if neuronal function is to make meaningful statistical decisions. The advantages of
frequency-caled neural networks are clear. Each impulse is as statistically valid asany other and thus carries the
samelevel of signi cance. Taking a statistical view of the workings of neuronal function thus forcesus to form
rather strong opinions of the way that data is encaded and what it should represen. In addition, asthe approac
is basedupon sound statistical principles, and there is no limit to the amount of resourceavailable (due to node
recruitment) the learning processis not restricted by a priori choice of architecture and the network is guaran teed

to learn whatever is presered to it.

The above is the simplest possibleanalogy to statistical decisionmaking in a frequency coding system. We should
also be prepared to askthe question; Is this all that the brain does? Other aspects might involve relative timing
of pulsesand inhibition. Timing in particular might allow theseideasto be extendedinto the time domain sothat
the same neuronal decision processesould be applied to temporal patterns as well as static ones. If this is the
main expected role for timing then we could simply ignore this extension for now. Aspectsinvolving making use
of particular non-zero phaserelationships between correlated signals would presert much more of a challengeto
interpretation. The possibility of inhibition can alsobe nessed if we simply say that inhibitory connectionsonly
play a role in the “winner-takes-all' mechanism, but are not usedin generalpattern represeration.

Finally, from the purely pragmatic standpoint, it would probably be prudent to start by assumingthat simple
comparison of frequency samplesin a pattern matching task is the main computational role of brain tissue, and
only seekmore complicated interpretations on the basis of need.

Design Features

Now that we have de ned a biologically plausible statistical approac which is capableof learning we must decide
what data to provide it with.

An important set of constraints on any model of visual object recognition concernextraction of consistert object-
related information from varying data. The eld of machine vision can tell us something about the practical
di culties of trying to construct such a represenation. As we have already mertioned above, practical models
must solve the problem of object feature segmemation from input data that varies with changesin the object's
orientation, proximity, relativeillumination, etc.. Characteristics of the object that remain extractable despitethese
changesare known asinvariances. An ideal object represenation would be invariant to all possibletransformations
and distortions that may a ect the input image and complicate the recognition process.The more variations there
areon a particular object represertation, the more computational resource(brain tissue or memory) will be needed
to solve the visual interpretation task.

To solvethe problemsraisedby the mutual occlusionof objectsin a scene somethingfrequertly found in real-world
situations, a strategy is required that dealswith missinginput data; one which focuseson the available data and
is not compromisedby any omissions. A related and very important factor is the global or local nature of the
represenation. Any systemhaving to deal with data that is occluded or cluttered or in someway missing cannot



utilise a global represenation: if parts of a global feature sudh as a major axis of symmetry are missing, that
ertire feature is non-computable. The use of multiple redundant local represenations has long beenacceptedin
the machine vision literature asthe most robust computational solution to this problem.

One of the greatest obstaclesin trying to construct local represerations for object recognition is the “aperture
problem'. If oneof theseobject fragments is a straight line, then all positions along the line will be indistinguishable
when viewed through a restricted aperture. The aperture problem prevents unambiguous point-to-p oint matching
of locations along continuous linear featuresfor both stereocorrespondenceand object matching tasks. Obviously,
for the systemto be of practical use,it must withstand suc e ects of stimulus ambiguity; therefore, taking accourt
of the aperture problem is essetial for the developmert of a practical object recognition system.

Changesin light levelsand/or sourceswill a ect the solution of a visual object recognition problem for a frequency-
coded neural network in just the sameway as they do for the human brain. Shape must be acquired from the
available information, whether that be systematic changesin brightness (denoting edges),texture, shading, etc;
and this information must be asnear as possibleto illumination-in variant. Clearly a systemthat can only extract
featuresfrom a well-lit environment with unvarying light sourcesis unlikely to be of much practical use.

A further invariance characteristic that should be extractable by a practical object-recognition system concerns
object transformation, or, more speci cally, rotation, both within and out of the image plane. Imagined spatial
transformation of objects or features in two and three dimensionsis essetial to the matching and recognition
processesf the systemis not to re-learn an object ead time it is encourtered from a new viewpoint. As such, this
is as much a problem of practical storage and retrieval asit is of generalisation. Out-of-plane rotation invariance
is especially di cult to achieve, because(as we have mertioned above) the available information actually changes
after such a translation in a way that it doesnot during an in-plane rotation (where information may be encaded
at adi erent point in the image but is never lost). This leadsto a lack of consistencyin the information available
for the recognition task. Psychology studies of responsetimes [Leek 1998] give clear evidencethat the strategy
used by humans is to interpolate between learned vantage-points, which is e cien t both in terms of processing
time and storage space.

The approach adopted hereis to make useof an arti cial neural network to perform multiple view basedrecognition
similar the work of Seibert(91). The set of views gathered into a node are usually de ned on the basis of some
di erence metric betweenthe view represenations, Chakravarty & Freeman [8]. The resultant network constitutes
an appearancebasedrepresenation of the object, similar to an aspect graph, Koenderink & Van Doorn [25], and
has as its nodes represerations of characteristic views or aspects of the object. The links betweenthe nodes of
the graph de ne the allowable view transformations that may occur asthe particular object rotates or asthe view
angle changes. Thesewill typically correspond to 'catastrophic events' where an object feature becomesoccluded
or uncovered, though this neednot be the case.

Lastly, recognisingthe real size of an object is also very important. A practical system must allow a certain
exibilit y in the interpretation of scaleif the same object at varying distancesis not to be stored as multiple
di erently-sized objects. This doesnot just concerne ciency of storagebut is a practical essetial if we are not
to view objects naively upon successie presertation.

Further Observ ations

Taking the grey level image as input one requires a represernational scheme which makes explicit the relevant
features of the object's shape but which is invariant to image properties that are not usedin recognition. This
involvesextracting information regarding the de ning contours of the object and transforming it into a compact,
generalshape description. In order to be of useasinput to a recognition system, the descriptions produced using
the represenational schemeshould ideally possess humber of desirable characteristics. We will take our cue here
from seweral decadesof experiencein the computer vision community.

The represenation should be robust to the types of noise expected in vision data from any real, unconstrained
ervironment. This includes the addition and loss of visible features due to changesin lighting conditions and
extraneousdata from other objects. Someobject detection methods (eg: the face recognition system of Sung and
Poggio [17]) explicitly remove planar variation in grey level in order to remove the e ects of strong directional
lighting. For shape basedrecognition (of man-made objects, for example), insensitivity to such problemsis more
easily provided by represenations basedon local shape features, as global featurestend to be adversely a ected
by uctuations in the available data.

In addition to these constraints, the scheme should also conform to a number of criteria detailed by Marr [14].



Firstly the represenation must be accessiblein the sensethat descriptions can be quickly and easily computed
from the information available in the image. This is partly the justi cation for using a view-basedrecognition
strategy as represertations basedon an object certred coordinate system are notoriously di cult to construct.
Secondlythe represeration must exhibit versatility in being applicable to arbitrary shapesif it is to be considered
a useful step towards the goal of genericvision. Thirdly the represeniation must have su cien t descriptive power
to allow discrimination between all dissimilar objects, theoretically up to the dierences due to the required
invariance properties. Fourthly the represerational scheme should be capable of producing descriptions which
capture the large scale similarities between shapes. If small perturbations in projected shape result in greatly
di ering descriptions then the recognition basedon these descriptions will not be stable. Finally, in contrast to
the stability requiremert is the needfor the represenation to be sensitive to small scaledetails of the shape so
that ne resolution recognition can be performed.

The requiremerts of later processeslways imposeconstraints on the kinds of information that should be repre-
sented in the shape description. The fact that the shape description required hereis to form the input to a multiple
view basedrecognition system provides additional constraints to the more generaloneslisted above. The smooth,
exclusively quantitativ e changesthat occur in the visible feature set as an object rotates between characteristic
views should produce smaooth, relatively small changesin the shape description. If theseviews are to be partitioned
asaspects, along the lines suggestedby Koenderink & van Doorn [25], then the shape descriptionsfor views either
side of a qualitativ e change should be su cien tly dierent to signal that a catastrophic event has occurred. If on
the other hand the views are to be partitioned purely on the basis of somedi erence metric, Seibert [16], then
the shape description cana ord to be relatively insensitive to qualitativ e changesin the set of visible features.

There are alarge number of possibleconstraints that canbe usedto de ne the geometricrelation that holds between
two oriented line segmens. Consequetly there are many pairwise represertations that can be constructed on the
basis of these constraints. Bray & Hlavac [5] provide a formal analysis of the properties of a number of local
geometric constraints, together with a list of qualitativ e criteria for their assessmen Various combinations of
theseconstraints can be usedto form represenations of shape with di ering invariance characteristics. Howewer, it
should be remenberedthat it is the statistical characteristics and not the invarianceswhich are the most important
feature of the data oncewe start passingthe data into a pattern recognition system.

Descriptions constructed within the proposed represerational scheme should be basedon a set of local image
featuresthat somehav de ne the shape of the object and which can be reconstructed at all rotations, translations
and scales.A sensiblechoiceis 2D oriented line segmetts, for seweral reasons.Firstly linesarereliably reconstructed
at the same position and orientation relative to the object regardlessof its occurrence within the image. Line
segmers are also robust to details of illumination, as evidencedby the successof feature based stereo matching
algorithms. Secondlythere is good evidencethat biological vision systemsutilise such features at early stagesof
visual processing,Hubel & Weisel [10]. Thirdly , and somewhat cornveniertly, this is what our computer vision
systemdelivers, Porrill et al.(89).

Pairwise Geometric Histograms

We start by assumingthat in a modular systemwe will at least needa module which can extract edgefeaturesand
usethem to represen and recognisecon gurations of edgesas shapes. PGHs are an attempt to satisfy all of the
design features discussedin the previous section, to form part of a workable model for visual object recognition.
Their construction is also consistert with the statistical constraints generatedby the CLAM work. They encale,
for any feature (usedasa reference ), the perpendicular distance (in the image plane, measuredin arbitrary units)
to all other featuresand the angle of orientation of those other featuresrelative to the rst feature (Figure 2 (a).)
This is done in a way which allows the approximation of edgedata up to the limit of a speci ed accuracy (Figure
2(b)), which is implicitly encaded in the represenation via a blurring. The fact that any arbitrary shape can be
approximated by a set of straight line segmens meansthat the application of the represenational schemeis not
restricted to polygonal shapesbut can also be usedon linearised smooth curves,asillustrated in Figure 2(b).

Any recognition system must de ne a signi cance measurefor the presenceof a speci ¢ feature in an object. In
this casethe similarity measureusedin networks can be analysedto understand the statistical nature of an input
componert. To make correct use of the network's internal similarity criterion, this entry must take the form of a
probability, de ned asthe relative likelihood of there being an erntry in that particular region of the represenation
spacegiven the noise on the measuremen system. Exact calculation of the probabilities would take an excessie
amount of computation but an adequateapproximation can be madein what follows using simple blurring. Since
the valuesin the histogram are evidencefor the presenceof featuresin the imageat a certain geometricrelationship,
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Figure 2. Construction of a Pairwise Geometric Histogram (PGH) (b) for a line fragment from a circle (a). A
more typical histogram from a real scene(c).

the value of the entries should be related to the importance of the lines in forming the shape of the object to be
represerted. This is achieved if the ertries are distributed such that the total entry madein the histogram is equal
to the product of the lengths of the two lines. As the referenceline is of xed length, this regeneratesa process
which is directly analogousto Poissonsampling. This approac is therefore suitable for usewith a likelihood based
similarity measurewhich compareshistogram ertries on the basis of a square-root dot-product.

Encoding the measuremen error is the rst stagein achieving robustnessto image variation, by explicitly matching
the statistical matching metric to the expected noise medanism we automatically achieve robustnessto measure-
ment noise (repeatability error). However, as we have mentioned above, we also needrobustnessto more general
object imaging artefacts, such as occlusion (or shadown). No represenation of shape can be completely invariant
to loss of data (due to for example occlusions), but what can be doneis to ensurethat the statistical similarity
measureusedduring matching is not invalidated by this process.The inclusion of the angular dot-product elemert
in PGHs is su cien t to overcomethe problems of occlusion and sceneclutter: if the comparison of input image
and stored represenation yields a zero value for a given feature or line fragment, the dot product is zero and
that particular feature is ignored for the purposesof comparisonin that instance. Further, the resulting similarity
function is equivalent to what would have beenconstructed if we had intendedto only comparethe visible features.
By utilising only local line fragments and by not reconstructing global features such as major axesat this initial

stage, PGHs bypassthe possibility of occlusion or image fragmentation as impedimerts to recognition. Further,

by encading perpendicular distance within the image plane in arbitrary units, PGHs presen a solution to the
aperture problem. In particular, histograms constructed from fragments of the sameextendedline will give identi-

cal histogramsup to a normalisation factor (which plays no role during selectionof the best match). Normalisation
of histogram patterns during learning further ensuresthat fragmentation doesnot generatemultiple instancesof a
stored pattern. The angular aspect of the represeration solvesthe problem of in-plane rotation as, for any feature,
this is computable with respect to all other features of the object, but without the need for establishinga xed

point of reference.



Information encaded by PGHs is givenin frequency-encaed space(as explained above) and is thus suitable for use
with an algorithm sudh as CLAM. In addition it satis es almost all of the designcriteria speci ed and is consisten
with the represertational requiremerts suggestedby previous researters in computer vision. The main criteria
which are not satis ed are out-of-plane rotation invariance and scaleinvariance. This is a consequencef requiring
well behaved statistical behaviour, and would appear to be impossiblefor any represenation. The possiblespace
of patterns has beenshown to be consistert with the numbers required to emulate human performance [2, 3] We
have also showvn how sets of histograms can be optimised for the recognition of multiple objects [1].

Comparison with Preliminary Psychophysics Results

Neural networks complete all of the above processesn parallel. It is not clear whether the human brain works
in a similar fashion although the well-documerted linear relationship between 'mental rotation' and subject re-
sponsetimes suggestshe existenceof non-rotation-in variant represenation [23] aswell asan orientation-in variant
represenation such asthat encaded by PGHs.

PGHs do not encale edgedata in an out-of-plane rotation invariant or scaleinvariant manner. To do so would
mean that measuremem accuracy varied with viewpoint, which would undermine the statistical stability. Despite
theselimitations, PGHs can be shown to encade a signi cant proportion of the required invariancesin a way which
is complete [20]. By this we meanthat the original object can be reconstructed from the set of histograms which
describe it. This has seweral important consequenceskFirstly, as no information is lost in the represertation, use
of the correct statistical recognition methodology (such as CLAM) should result in an optimal recognition process.
Secondly invariance characteristics which would appear to destroy this completenesscould not be encaled in an
optimal system. Such an encading would result in potential ambiguities in shape represenation and recognition.
We currently believe that scaleinvariancewould fall into this category. If this is true, the PGH would appear to be
the best represertation achievable for arbitrary rigid shape. Speci cally which shapesto encade is still a researd
guestion, but onewhich may have someanswersfrom psycophysicsexperiments. Any model of the human visual
recognition processwill likely require a computable feature grouping process. For example, systemsdesignedto
fuse information from bounded regions or surfaceswill still require robust extraction of these features. PGHs
may be considereda suitable candidate for this process. CLAM can also be consideredas a valid computational
approach for the hierarchal classi cation and recognition of features, feature groupings and surfaces.

The computational approad taken by the recognition of rigid shape using pairwise geometric histograms permits
the construction of various alternativ e histograms with di erent sets of invariance characteristics. Theseinclude
mirror symmetry, contrast invariance, in-plane rotation invariance and translation invariance. The existenceof a
method for the reconstruction of an object for someforms of histogram provesthe completeness(and therefore
optimalit y) of the approach, but only for someof these forms.

Psydchophysical experiments with mental rotation of simple 2D line drawings can be interpreted as providing
evidencefor the hypothesisthat the brain hastwo alternativ e pathways for recognition of such objects [24]. One
of which appearsto require a mental rotation processwhich can be inferred by both the reaction time and the
varying area of activation. The existenceof a mental rotation processinfers that whatever mecanism is usedfor
rotation invariant recognition cannot be the optimal way of recognisingobjects. At rst sight this may seemto be
at oddswith our contention that it is possibleto construct an optimal recognition systemusing a rotation invariant
represenation.

The key to understanding this contradiction lies in the proof of completeness.This requiresthat an edgedensity
distribution prole can be constructed from individual line segmens which can be oriented around the certroid
of the object. In fact due to the fact that we are unable to specify the orientation of a simple line to better than
a two fold (180 degree)ambiguity, we are unable to correctly specify the angular relationships betweenthe set of
histograms for an object without picking a xed referencedirection in the scene. le: an optimal represenation
requires speci cation of the co-ordinate system such as de ning a direction for “up'. This direction would be used
at all times in the construction of the histogram so that a consistert orientation for the referenceline could be
selectedfrom the two alternativ esavailable. Represetiations basedon lesserforms of histograms with orientation
invariance, such as would be suitable for rotation independert recognition, will have represenational ambiguities
for someclassesof object.

This model predicts all of the main characteristics of our obsenations sofar. It implies that a rotation mecanism
(which scanspossible "up' directions) would be required to optimally recogniseobjects which could well result
in a time dependency However, we might also reasonably expect that we might also have a rotation invariant
recognition process. This can be constructed trivially by the additive folding of the full represenation, which



would serwe to recogniseobjects which were su cien tly unique so as not to require a complete represenation or
alternativ ely identify familiar objects at novel orientations. As all objects could be represerted and recognisedin
a rotation dependert manner, it would also predict that the selection of which approac to use would be based
upon experience(ie: learning).

This computational model also makes some interesting predictions. For example, any other method which can
uniquely be usedto specify the orientation of a line (such as contrast or colour) may break the two fold ambiguity
and allow the brain to once again recogniseobjects optimally without recourseto rotation. In other words, Tarr
and Pinker's reaction time results for rotation dependert objects [22] may have only occurred becauseof the
simplistic nature of the image data. Rotation e ects may not be obsenable for anything other than line drawings.

Conclusions

This paper has introduced the main motivations for using shape descriptions based on pairwise geometric rela-
tionships asinput to a multiple-view-based neural network recognition system. Experimental results suggestthat

such descriptions exhibit many of the characteristics desirableof a compact, invariant 2D shape represenation. In
particular the represenation hasthe capacity to deal robustly with the kind of problemsencourtered in real vision
systems. The approach is capable of represering smooth arbitrary non-complete curves of the kind extracted
from grey level images. The representation is invariant to translation and rotation. It is robust to illumination

changes,and copes well with occlusion and clutter via the use of a principled similarity metric which takes due
accourt of data reproducibility and varying quantities of evidence. All of these properties are achieved by design
and result in a schemewhich has potentially far more scope than previous represerations usedfor input to adap-
tiv e recognition systems?® . Though we have published techniques designedto deal with scalechanges [3], based
upon interpolation between stored templates, we have not yet addressedout-of-plane rotation. It haslong been
ervisagedthat extension of the approac for use with arbitrary projected views of 3D objects could be achieved
via useof an eigervector decomposition of allowable deformations of individual histograms, without lossof the key
designfeatures of this represenation. This sameapproacd could also be usedto deal with object deformation, in
a manner analogousto the techniques usedfor Active AppearanceModelling (AAM).

Commen ts from Charles Leek

You are discussing two issues here;

The rst is the neuro-biological question about frequency coding and neural implementation (and statistical optimality).

Obviously, this makesa lot of senseto anyone working in cognitive neuroscience (although the references to the neuroscience
work need updating (Peneld is a bit old hat and | can help with that). It is worth, though, bearing in mind that your
description of frequency coding is basal largely on the likely functional properties of the signal neuron (given the all-or-none
nature of neural ring etc, and summation of input activation). At the level of systemsneuroscien there is currently a lot
of interest in providing a functional characterization of brain activity across networks of neurons, and interactions among
them. Such as, for example, phasesynchronization (e.g., in the gamma band around 30-80hz) and its possiblerole in feature
integration, that is, the key issue of how di er ent features of objects are “bound' together [how shape is bound with colour,
texture, location, sale etc]. One other issue that springs to mind (which you mention on p. 5) concerns the excitatory and
inhibitory nature of neural activity among networks of inter-connected cells, and groups of cells. There is also, | suppose,
the issues of thresholdsand neural sensitivity related to synaptic transmission and refractoriness of the cell in relation to
action potentials. | guessthe question is to clarify the relevane of these other factors to the implementation of a PGH
representation in the way you are suggesting.

The neurons modelled in the CLAM network attempt to predict frequency coded responsesto particular sets of frequency
coded inputs. Inherently such a model has a kind of scale invariance, in that sums of Poisson samples are themselves
Poissonsamples,sothat the output could just aswell have beencomputed from multiple neurons as a single one. Therefore
although it looks like I am only considering one neuron | might just as easily be describing groups. From a computational
standpoint however, it is easierto implement simulations with fewer computational units. Therefore the tendency is to
take the minimalist approach when describing the computations and algorithms. | have heard someargue that the reaction
times for some decision processesare so fast that there is no time available to form meaningful estimates of frequency on
the synapsesof a neuron. This has even beengiven as a justi cation for the need for phase sensitive processing(your later
commerts below) Such an obsenation can only be answered by saying that groups of neurons, perhaps even hundreds, when
taken on mass, would be able to represert and utilise frequency encaded signals in much shorter time frames.

1it hasrecently beennoticed that research in the area of image retriev al has begun to re-invent the use of histogram based geometry
descriptions of shape. This work has yet to regenerate either the statistical insights presented here, or the proof of completeness needed
to justify methods which embody invariance characteristics as a “solution' to the shape recognition problem.
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Although issuessudh asphasesynchronisation would certainly add computational possibilities to the performance of network
architectures my approach has always beento try to seewhat can be computed without such extensionsin order to nd

if they are strictly necessaryto solve the computational problems. To my knowledge the simple approach has not been
rejected as a possibility, sothere is no needto yet assumegreater complexity.

Issuesof details of speci cally how the brain managesto arrive at a principled statistical computation are of courseimp ortant.
But rst we needto understand what that computation is and why it is required. The argument | am advancing is that
there is a simple computational processwhich has some statistical validity which can be derived immediately we decide to
assumethat the brain encodesinformation as pulses (frequency codes). (NAT)

A couple of specic questions:

a. | think you need to be more speci ¢ about how you de ne a module (page 3) do you mean a functional ly encapsulated
computation (which may or may not be distributed across adjacent or non-adjacent brain tissue)

Yesi think so. | am not in a position to be able to suggestwhere it may be located or distributed acrosstissue. In fact
the rather general nature of the computation would suggestthat there is little real advantage to be gained by keeping the
neurons together at all. The computational form of the algorithms doesnot require a xed structure. They could be placed
anywhere within the limits of available connectivity, thereby simlifying the construction of a working system, but equally
creating havoc for anyone trying to understand the brain by attributing behaviour to ever smaller regions. (NAT)

b. It wasnt clear to me why a dot-product weighting function is more physiolagically plausible, given what is known atout
the anatomy of neurons. This might be because | dorit have the background on dot product functions, but neither will the
intended psychol@y audience. All | think | know is that dot product functions return a single value (but the relevane of
that | found hard to follow).

It's just that if you accumulate charge pulses at multiple synapsesand sum them on the neuron the computational form
looks more like a weighted sum than a sum of di erences. This is the computational form that the early work of Grossbherg
and Kohonnen argued for. | don't think this obseration is in any way contentious. (NAT)

c. Could you provide more detail atout the CLAM algorithm and how it works. Without reading the earlier papers this
bit is hard to follow and the more detailed description of the PGH could be incorporated from your earlier work in the two
Ashbrook, Thacker papers {

Yes certainly. CLAM is a self generating look-up system, which learns coded templates using the statistics of freqeuncy
coding. Self-generation is supported using statistical decisionsregarding the novelty of a pattern in comparison to those
already stored. The dot-product similarity function makesthis processrobust to outlier data. Probabilities of ring rate
are computed in accordancewith Grossberg's winner take all system. These are therefore, in e ect, predictions of relative
ring rate. These probabilties are then used as componernts of the learning processand can be used, via some convertional
probabilit y theory, to make classi cation decisions.

The Ashbrook, Thacker papers give only evaluations (practical demostrations) of the method. However, there are only three
things you needto know about PGH's: they are designedto meet the list of invariance criteria as outlined in this document
(which are logically the maximal possible set); they provide a complete and exible represertation of feature based shape;
and they are suitable for input to a pattern recognition system which takesfrequency coded (ie: histogram) data. (NAT)

The second key issue in the paper is atout the representational format for encoding shape (the PGH) in a manner that is
consistent with your assumptions about frequency coding in the brain (and optimality).

A few questions about that section:

a. You argue on page 6 that out-of-plane invariance is di cult to achieve because of the changesthat occur in the image fea-
tures. Somediscussion of so-alled Non-accidental Properties (NAPS) is probably needed Biederman usesNAPs (parallelism
of edges, co-termination of edgesat endmints etc) as a hasis for the invariant recovery of his basic volumetric primitives
(geons).

Yesgood point. NAPs can be seenas a surrogate for de ning those features which maximise our ability to discriminate
objects. If we directly optimise the ability to recogniseusing a limited set of features, these features may in some respects
appear to score highly in terms of their NAP-lik e qualities. However, this does not mean that this is the principle which
leads to their selection. On the contrary, NAPs as a represertation scheme have the disadvantage that there can be no
guarantee that the information encoded is enoughto uniquely reconstruct the object. In turn, this leadsto the problem of
potential recognition ambiguity and an inabilit y to deal with the variety and number of objects presert in the real world.
Feature selection on the basis of NAPs cannot therefore lead to optimal recognition. Represertational ambiguity is common
in many cue based recognition schemesfound in the computer vision literature. While utilit y can often be demonstrated
on a small number of carefully selectedobjects (or data sets), they e ectiv ely throw the baby out with the bath water in
the way they achieve invariance when it comesto general scenes.Sudch behaviour is often overlooked in computer vision on
the basis of computation sophistication (eg: Zisseman's projectiv e invariance) or computational utilit y (eg: Lowe's SIFT).

NAPs could only be usedin combination with other recognition schemes(say PGH's!) in order to Il in for its limitations.

(NAT)

b. Regarding the psychophysial evidence. The story is pretty mixed regarding viewpoint-dependene and viewpoint-invarianc e.
As you know, whether or not viewpoint e e cts are found seemsto depend on a variety of stimulus and task variables in both
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the 3D and 2D situation. At least for the 3D case, there is pretty strong evidene that viewpoint matters, with frequency
of exmsure being a key factor. Here there is some strong supporting evidene for the kind of model you seem to propose
- that the viewing spheee is represental by a set of 2D “aspects’. For the 2D (image plane) case the story is more compli-
cated, whether or stimulus orientation has an e e ct on performance depends, not only on prior expsure, but also on object
geometry. Contrast the Tarr & Pinker (1990) demonstration of orientation-dependenc vs. orientation-invarianc e that you
will already be familiar with. According to some people, orientation invariance is found when objects can be discriminated
from each other by contrasting 1D ordering of features alone (as might be possible with 2D forms with at least one axis of
symmetry).

I would be very surprised if the brain had only one way of recognising objects. If you are looking for one simple way of
describing all psychophysics e ects | don't think you will ever nd one. These experiments seemto be consistert with

there being seweral methods designedfor di eren t characteristic recognition tasks. The overall human perception experience
would therefore be rather dicult to predict unlessyou had models for all of them and their potential interactions. One
thing is for sure, whatever the other modules are, no sensiblecomputational theory should be basedupon axesof symmetry

or elongation. As this property is uncomputable for partially occluded objects and is therefore of no practical usein real
scenes.If nothing elsethis paper needsto be able to make this point. The other point I'm trying to make is that we should
be able to make arguments which tell us what the limits of performance are based upon an understanding of quantitativ e
data analysis. This would give us the ability to determine when data fusion is necessaryand someindication of the necessary
componernts in the full system. (NAT)

c. The paper implies that the representational structure is based solely on locally speci e d relations among (pairs of) edges.
And this is my understanding also from the other PGH papers.However, the empirical evidene highlights other shape
primitives as having functional signi ¢ ance in human shage representations. Biederman hasargued that volumetric primitives
play a role ( although, as you know, this evidene is not at all convincing). In contrast, we have recently found evidene
that human recognition does seem to care about sggmenting imagesinto constituent 2D edge bounded (closed) polygons. I'm
wanting to argue for human vision that these polygons might be usel as candidate primitives to approximate surface layout
(see also, in the machine vision domain, (Olivia) Camps, Huang & Kanungo (1998) Hierarchical organization of appearance-
based parts and relations for object recognition. Proc IEEE Conference on Computer Vision and Pattern Recognition |
which you might well already be familiar with.

It would be very interesting for me if you could demonstrate how a PGH representation could be used to encode such higher-
order primitives and how that might be useful in representing local spatial con gur ation (through the perpendicular distance
measure, presumably i.e., the perpendicular distance between spatially adjacent pairs of polygon. And how this might be
incorporated into a CLAM-typ e algorithm. I've taken a lot of inspiration from the work of Camps and Kanungo (see atove)
on so-alled “appearance-tasel' parts. They use a form of minimum description length "VMDL' solution to the problem of
segmentation, which in their caseyields essentialy a set of aspects of individual polygonsparsed under a range of il lumination
and viewing conditions. | have only recently come acrossthe MDL idea from reading their stu. But it occurs to me that it
can be likened to the classic Gestalt ideas about good form (that is, we tend to perceive and segment imagesinto the simplest
and most regular forms possible).

Just becausePGH is based soley on relationships between edgesdoesn't mean that | think this is all human vision system
is capable of. This is intended to be one part of a reductionist model.

As for hierarchal recognition, PGH recognisepatters of edgesacrossan image, there is no restriction of what these need to
be and | would not want to restrict this to volumetric primitiv es. | can't seeany reasonwhy the brain might not be dealing
with any reliable projected grouping of features as an object part, even if they do not constitute an obvious volumetric
entity. The reason| would like to keep this distinction is that a volumetric interpretation of the scenerequires accurate
segmernation of volumetric primitiv es prior to object recognition. Those who advocate sudch an approach should expect to
be required to demonstrate a workable computational model, something which appearsto me imp ossible given the available
data. | would prefer to take another interpretation. That familiar 2D groupings infer surfaces. The recognition process
can then proceedby combining 2D groupings in a view based manner. Surfaces,or at least their hypotheses,would not be
generated prior to recognition but as part of nal the interpretation process.

Though MDL may super cially appearto provide solutions with required behaviours it can have no foundation in quantitativ e
use of probability asit is not invariant to the way the data is represertied. It's origins as a theory are in data compression
(where data is trivially always in binary form) and | think the ideas have been mis-applied in the context of recognition.
Non-the-lessit has becomea hot topic in computer vision over the last few years. | would hesitate before setting o to try
to explain this onein this paper. (NAT)
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