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Abstract

Iterative alignment is one method for feature-based matching of an image and amodel for the
purpose of object recognition. The method alternately hypothesi zes feature pairings and estimates
aviewpoint transformation from those pairings; at each stage arefined transformation estimate is
used to suggest additional pairings.

This paper extends iterative alignment in the domain of 2D similarity transformations so that it
represents the uncertainty in the position of each model and image feature, and that of the
transformation estimate. A model describes probabilistically the significance, position, and
intrinsic attributes of each feature, plus topological relations among features. A measure of the
match between amode and an image integrates all four of these, and leads to an efficient matching
procedure called probabilistic alignment. That procedure supports both recognition and alearning
procedure for acquiring models from training images.

By explicitly representing uncertainty, one model can satisfactorily describe appearance over a
wider range of viewing conditions. Thus, when models represent 2D characteristic views of a 3D
object, fewer models are needed. Experiments demonstrating the effectiveness of this approach
are reported.
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1 Introduction

Object recognition is made difficult by the way an object’s appearance varies under different
viewing conditions. Changesin viewpoint, changesin lighting, and flexing of the object can all
cause changesin the detectability and relative positions of the object’s distinguishing features. To
successfully recognize the object on the basis of a stored model, that model and the process used to
compare it with an image must together account for the allowable range of variation in the object’s
appearance.

A common approach isto mode a 2D or 3D object by a series of characteristic views, each
representative of the object’s appearance under some small range of viewing conditions.
Collectively, these characteristic views cover the full range of expected appearances of the object.
Systemsthat take this approach generally assume that all featuresvisible in a characteristic view
have the same likelihood of being detected and the same range of variation in position.

Clearly, though, some features are more likely to be detected, can be more accurately localized, or
move less with changesin viewpoint than other features. Perhapsit is because these differences
are difficult to quantify that researchers have often disregarded them, assuming the same
uncertainty statisticsfor all features. A system that can learn its models directly from training
images, however, may have asimple and direct way of quantifying the uncertainty of each feature:
the system can measure it during training. By observing how features differ among training
images the system can estimate the detectability and positional uncertainty of each feature
included in the modelsit acquires.

There are several ways that information about feature uncertainty, if known, ought to guide the
matching process that underlies recognition. Features of the object that are most likely to be
detected when the object is present, and least likely to be detected when it is absent, should be
given priority during matching. Featuresthat can be localized well should contribute most to an
estimate of the object’s position in an image. And features whose positions vary most should be
sought over the largest neighborhoods of the image.

Our hypothesisis that feature uncertainty information can be obtained reliably from training
images, and that the information can be used effectively in the manner just outlined to improve
recognition performance. In this paper we describe an approach for representing, learning, and
using feature uncertainty information, and experiments involving a system constructed to test that
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approach. The approach models 3D objects using characteristic views, each describing numerous
features of varioustypes. These characteristic view models include information about feature
uncertainty learned entirely from training images.

Our method of matching a model and animageis similar to the iterative alignment method of
object recognition [1, 9, 10]: we hypothesize someinitial pairings between model features and
image features, use those pairings to estimate viewpoint, use the viewpoint estimate to evaluate
and choose additional pairings, and so on until as many features as possible have been matched.
But along with the viewpoint estimate we also maintain an estimate of viewpoint uncertainty that
is derived from the uncertainties of the paired model and image features. Both the viewpoint
estimate and its uncertainty are used to eval uate potential feature pairings so that model features
with more certain positions are paired sooner. This use of uncertainty information produces a
better ordering of feature pairings, resulting in a faster search with less backtracking. The method
is called probabalistic alignment to emphasize its use of probability theory.

2 Reated Research

Among methods for recognizing 3D objects by matching discrete features with models of 2D
characteristic views, there are generally three classes. Alignment methods, as described in the
introduction, use feature pairings to estimate a transformation, and then use that transformation
estimate to suggest further pairings. Ayache and Faugeras[1] showed that, when the
transformation is a 2D similarity transformation represented in a certain way, it can be estimated
by arecursive, linear least-squares estimator like the Kalman filter. Thisis particularly efficient
because atransformation can be estimated directly, without search, and because the estimate can
be updated with each new pairing at little cost. For these efficiency reasons we have adopted a
similar formulation.

Alignment methods may consider feature position uncertainty in estimating the transformation so
that the estimate is influenced most by the more precisely localized features. Moreover,
uncertainty in feature positions and misalignment of matched features yields uncertainty in the
transformation estimate; that uncertainty, in turn, can influence the selection of features for pairing
so that more certain pairings are favored. Ayache and Faugeras used simple heuristics to estimate
model feature uncertainty and to choose model features for pairing. In contrast, because our
system acquires models from training imagesit is able to directly measure the positional variance
of each model feature, maintain a meaningful estimate of transformation uncertainty, and
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incorporate that estimate in decisions about feature pairings.

Another class of recognition methods are those that search the space of possible pairings without
invoking atransformation estimate. Essentially, these methods achieve amatch by identifying a
subisomorphism between two graphs—one representing the model and the other representing the
image—in which nodes and arcs denote features and their relations. Attributes associated with
nodes and arcs record geometric measurements, such as the position of one feature with respect to
another, and geometric uncertainty is represented by uncertainty in those attributes. (Interpretation
tree methods [8] are equivalent in that they search a space of pairings while observing constraints
among small groups of features.)

In the PREMI0O system by Camps, Shapiro and Haralick [6], a 2D characteristic view is modeled by
a graph with nodes denating line segments and arcs denoting junctions and groups of junctions.
By defining a cost function for graph matches and an associated admissabl e heuristic, they are able
to match model and image graphs using heuristic rather than exhaustive search. The model
includes Gaussian distributions characterizing how many nodes and relations are expected to
match, and how much attributes are expected to differ from their norms. All features of one view,
however, share common distributions.

Burns and Riseman [5] describe a contrasting approach where agraph, called aview description
network, models a hierachy of componentsfrom low-level, generic primitives, through high-level,
object-specific arrangements, to entire views of an object. Matching proceeds in stages from low
level to high. Again, attributes are characterized by distributions to accommodate varation in
appearance.

Our previous work [11] used a graph-matching method resembling both PREMIO and view
description networks. Like PREMIO, we used a cost function and heuristic search to match graphs.
Like Burns and Riseman, our graphs represented a range of features, from simple to complex, and
each relation was characterized by a distribution to accommodate variation in appearance. The
present work retains these aspects of our earlier work.

Graph and alignment methods each emphasize different types of constraintsin the matching
process. Graph matching respects the topol ogical and geometrical relations among small groups of
features, ensuring, for example, that model line segments sharing a common junction are paired
with image line segments sharing asimilar junction. Alignment, on the other hand, seeksto ensure
that feature pairings are al consistent with respect to some single viewpoint hypothesis. The
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present work combines these two approaches so that both topological and viewpoint constraints
direct the search. It will be shown that this has advantages over using only one type of constraint
or the other.

A third class of methods are those that search transformation space. These include the generalized
Hough transform and geometric hashing, which both involve the accumulation of votesin an array
of binsthat tesselates a transformation space or parameter space. Early methods let the tesselation
granularity determine the permissible mismatch between model and image features, giving no
control over the uncertainty of individual features. Such control may come from using weighted
votes (e.g., Rigoutsos and Hummel [14], athough they assume the same uncertainty for all
features) or indexing functions learned from examples[2].

Breuel [4] and Cass[7] have reported methods that avoid tesselation and instead subdivide
transformation space recursively to localize arbitrary regions of it. Their algorithms achieve
excellent performance by applying constraints that, in transformation space, are of a particularly
simpleform. That form is ensured by using a bounded-error model of uncertainty whereby a
model feature may match an image feature anywhere within some e distance of the model feature's
projected position in the image. However, in a system that learns models from positive training
examples only, there is no principled way to determine an appropriate error bound for a model
feature (just as there is no way to determine an upper bound for human ages by studying a
subpopulation). Moreover, for some image features there is empirical evidence that errorsin
localizing the features are better model ed by Gaussian distributions than by bounded ones[15].
The method described in this paper uses multivariate Gaussian distributionsto represent the
expected positions of model features.

3 Method

The graph representations used for images and models, and the algebraic representation used for
viewpoint transformations, are described first in sections 3.1 and 3.2. A match, consisting of a set
of feature pairings and an estimate of the viewpoint transformation, is evaluated by a match quality
measure, which is then described (section 3.3). Matching seeks to maximize this measure. One
component of it is an estimate of the probability that two features match, given their respective
position distributions and an estimate of the viewpoint transformation; this component is described
in section 3.4 while other components have been described in previous work [11]. Section 3.5
describes how a viewpoint transformation is estimated from a set of feature pairings, and section
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3.6 ties these pieces together in describing the procedure for finding amatch. That matching
procedureis used both for recognition, and as part of a procedure described in section 3.7 for
learning models from training images.

3.1 Imageand model representations

Animage input to the system, whether for training or for recognition, is represented by an image
graph. Nodes of this graph denote features detected in the image while arcs denote abstraction and
composition relations among features. A feature may, for example, be a segment of intensity edge,
aparticular arrangement of such segments, the response of acorner detector, or aregion of uniform
color. A typical image will be described by numerous features of various types, scales, and
degrees of abstraction, some found by low-level detectors and others found by grouping processes.

Formally, an image graph G is denoted by atuple (F, R), where F' isa set of tokens denoting
image features and R is arelation over elementsof F. Animage featuretoken f, € F isatuple
(tx, ax, bg, Ci) Wheret, isthe feature’stype, a;, isavector of attributes describing the feature, by,
isits measured position, and C;. describesthe uncertainty in that position. Attributes are numeric
measurements of the feature'sintrinsic properties, such asits curvatureif it isacircular arc or its
interior angleif it isajunction. Feature position and its uncertainty are described below. Finaly, a
relationin R isatuple (k,l1,...,[,), indicating that image feature & was found by grouping or
abstracting image features 1 through [,,,.

A model describes a characteristic view of an object. Like animage, it isrepresented by a graph
with nodes denoting features and arcs denoting abstraction and composition relations among them.
However, amaodel graph also includesinformation to support estimates of the probability that a
model feature will be observed, and the probability that it will have particular attributes when
observed. Thisinformation is accumulated from the training images used to generate the model.

Formally, amodel graph G is denoted by atuple (F, R, m), where F is a set of tokens denoting
model features, R is arelation over elementsof F, and 1 is the number of trai ning images used to
produce . A model feature token f; € F isatuple (¢;,m;, A;, B;), where t; is the feature's
type, m; isthe number of training imagesin which the feature was observed, and Zj and EJ are
the sequences of attribute vectors and positions drawn from those training images. Finally, a
relation in ﬁisatuple (7,11, ...,ln), indicating that model feature j isagrouping or abstraction
of model features; through [,,,.
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3.2 Coordinate systems

A feature’'s position is specified by alocation, orientation, and scale expressed in terms of a 2D,
Cartesian coordinate system. Image features are located in an image coordinate system identified
with pixel rows and columns. Model features are located in amodel coordinate systemthat is
arbitrarily fixed and used for all features within amodel graph.

Two different schemes are used to describe a feature’s position in its respective coordinate system:

xyfs The feature’slocation is specified by = and y, its orientation by 0, and its scale
by s.

TYuv The feature’'slocation is specified by = and y, and its orientation and scale are
represented by the orientation and length of the 2D vector [u v].

The zy6s scheme is the more convenient for measuring feature position while the zyuv scheme,
aswe shall see, is convenient for estimating viewpoint from feature pairings. The two schemesare
related by 6 = tan~1(v/u) and s = (u2 + v2)2. Whereit is not otherwise clear, we will indicate a
scheme with the superscripts Y% and “¥**.

Viewpoint is represented by a viewpoint transformation, which isa 2D similarity transformation
bringing paired image and model features into close correspondence. The zyuv scheme allows
such atransformation to be expressed as alinear operation with the advantage that it can then be
estimated from a set of feature pairings by solving a system of linear equations.t

We take the viewpoint transformation, T, to be from image to model coordinates, using it to
transform the position of an image feature before comparing it with that of amodel feature. A
transformation consisting of arotation by 6;, ascaling by s;, and atrandation by [x; y] (in that
order), can be expressed in two ways as a linear operation. We use both. In one case, the position
being transformed is represented by a matrix, Ay:

), 1 0 21 —w Ty
!

P 7/ R L A T/ " ye | _

b = u |10 0w, —ug Uy = Axbe (1)
v, 0 0 v, g v

Ayache and Faugeras [1], among others, have also used this formulation to render the transformation as a linear
operation.
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In the other case, the position being transformed is represented by a vector, by:

), u —v; 0 0 Tk Ty
!
by | v w 0 O Yk yr | _
by, = u, | |0 0 w -w Uk * 0| Adby, + ;. (2
vy, 0O 0 v 1w Uk 0

The result of applying 7' to the position by, is denoted T'(by,).

3.3 Match quality measure

Recognition requires finding a consistent set of pairings between some model features and some
image features, plus a viewpoint transformation that brings the paired featuresinto close
correspondence. Together, the pairings and transformation are called a match. The match should
be a“good” one that jointly maximizes both the number of features paired and the quality or
closeness of those pairings. Described here is amatch quality measure that makes this notion
precise and leads to a procedure for finding near-optimal matches.

The match quality measure extends that reported in [11] to include an evaluation of how well the
viewpoint transformation brings features into correspondence.? A set of pairingsis represented by
thetuple £ = (e1, ez, ...), wheree; = k if model feature j matchesimage feature k, and e; =L if
it matches nothing. The hypothesisthat the object is present in the imageis denoted by H. Match
quality is associated with the probability that this hypothesisis correct given a set of pairings and a
viewpoint transformation. Bayes theorem allows us to write this probability as:

P(E|T,H)P(T | H)

P(EAT)

P(H | E,T) = P(H). (3)
There isno practical way to represent the high-dimensional, joint probability functions

P(E | T, H)and P(E A T)intheir full generality so we approximate them by adopting
simplifying assumptions about feature independence. The joint probabilities are decomposed into
products of low-dimensional, marginal probability functions, one per feature:

Ple; | T, H) (T | H)
P(e;) P(T)

P(H |E,T) ~ H P(H). (4)

We assume that all viewpoint transformations are equally likely apriori, and thus P(T") isa
constant. P(H) isthe prior probability that the modeled object is present in the image; it can be

2There are al'so minor differences in notation.
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estimated from the proportion of training images that matched the model and were used to create
it. P(T" | H) can betaken asidentical to P(T"), or it can be estimated from past training images by
keeping some record of the transformations found upon matching the model to those images.

In what follows, the random outcome €; = & denotesthe event that model feature j matchesimage
feature k; €; =1, the event that it matches nothing; a; = a, the event that it matches a feature
whose attributes are a; and Bj = b, the event that it matches a feature whose position, in model
coordinates, isb.

There are two casesto consider in estimating the conditional probability, P(e; | T', H), for amodel
feature j.

1. When j is unmatched, this probability is estimated by considering how often j failed to
match an image feature during training. We use a Bayesian estimator, a uniform prior, and
the m and m; statistics defined in section 3.1:

77_”Lj +1

P(gj :_L|T7H):1—P(§j #J_|T,H)%1— 77_”L+2

(5)

2. When j is matched to image feature k, this probability is estimated by considering how
often j matched an image feature during training, and how the attributes and position of k
compare with those of previously matching features:

P =k|T,H) ~ P #L|T,H)P@&;=ay|é #1,H)
P(b; = T(by) | & #L,T, H). (6)

TheP(€; #1) termis estimated as shown in equation 5. The P(a; = a;,) term is estimated using
the series of attribute vectors A; recorded with mode! feature j, and a non-parametric density
estimator described in [11]. Estimation of the P(Bj = T(by,)) term (the probability that model
feature j will match an image feature at position by, with viewpoint transformation T') is described
below, in section 3.4.3

Estimates of the prior probabilities are based, in part, on measurements from alarge, random
collection of imagestypical of those in which the object will be sought. From this milieu
collection we obtain prior probabilities of encountering various types of featureswith various

3For simplicity, our notation ignores the difference between probability masses and probability densities. P(¢) isa
mass because €; assumes discrete values, whereas P(a; ) and P(b; ) are densities because a; and b; are continuous. But
since equation 4 divides each conditional probability mass by a prior probability mass, and each conditiona probability
density by aprior probability density, we can safely omit the distinction between masses and densities in this context.
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values of attribute vectors. The prior probability of afeature occuring at any particular positionis
estimated by assuming that features are uniformly distributed throughout a bounded region of the
model coordinate system.

The match quality measure is equated not with P(H | E, T') itself, but with its logarithm so that
exponentials (asin the Gaussian of equation 11, below) are eliminated and multiplications are
replaced by additions. With constants also eliminated, the match quality measure becomes:

9(E,T) =logP(H) + 3 (logP(e; | T, H) — logP(e;)) . (7)

3.4 Estimating feature match probability

The probability that a model feature is matched by an image feature depends, in part, on the
positions of the two features and on the viewpoint transformation that brings them into alignment.
This position- and transformation-dependent portion of the feature match probability is
represented by the P(Bj =T(by) | €; #L,T, H) termin equation 6. To estimate that probability,
we transform the image feature's position into model coordinates according to the viewpoint
transformation and compare it with the model position (see figure 1). Both positions aswell asthe
viewpoint transformation are characterized by Gaussian probability density functions (pdfs) so
that the comparison takes into account their respective uncertainties.

Image feature k’s position is conveniently characterized by a Gaussian pdf in zy6s image
coordinates, with mean b;*** and covariance matrix C#“*. The mean is the feature’s position as
measured in the image. Because our system’s feature detectors and grouping processes do not
supply uncertainty estimates, we define the covariance matrix using system parameters oy, oy, and
o, which are our estimates of the standard deviations in measurements of location, orientation,
and scale. Moreover, since the orientation of a large feature can usually be measured more
accurately than that of asmall feature, the feature's scale is considered when estimating its

orientation uncertainty. The covariance matrix we useis

le 0 0 0
0 o2 0
zyls 1
C =10 0 (22 0
0 0 0 Jf

Before transforming a feature’s position from image coordinates to model coordinates the position
is expressed in xyuwv image coordinates so that equation 1 or 2 can be used to apply the



10 Modeling Positional Uncertainty in Object Recognition

A

viewpoint @

transformation
/‘ & \
] model feature
image feature Transformation Space position pdf
position pdf
Q image feature
position pdf
Image Coordinates Model Coordinates

Figure 1. An image feature's position is transformed from image coordinates (left) to model
coordinates (right) according to an estimate of the viewpoint transformation (center), while amodel
feature's position is estimated in model coordinates (right). Uncertainty in the positions and the
transformation are all characterized by Gaussian distributions. Overlap of the two distributionsin
model coordinates corresponds to the probability that the two features match given the viewpoint
transformation and their respective positions.

transformation. A pdf that is Gaussianin xy6s coordinatesis not necessarily Gaussian in xyuv
coordinates. Nevertheless a good approximating Gaussian can be obtained in zyuv coordinatesif,
asinthis case, the § and s covariances are not large. The approximation placesthe zyuv mean at
the same position asthe xy#s mean, and aligns the Gaussian envel operadialy, away from the

[u v] origin (seefigure 2). Its mean and covariance matrix are

b " = [wp yr sicosby s,singy] and
2 0 0 0
0 ¢2 0 O
TYuv l T
Ck‘ == R 0 0 O—E O R ’
0 0 0 o2
10 O 0
01 O 0
whereR = 0 0 cosf, —sinf,
0 0O sind, cosH,

The viewpoint transformation is characterized by a Gaussian pdf over [z; y; u; v¢] vectors. The



Figure 2: The Gaussian distribution of an image feature's position in xyfs coordinates (left) is
approximated by a Gaussian distribution in zyuv coordinates (right), with the parameters of the
approximating distribution determined as shown.

mean and covariance of this pdf, t and C;, are obtained from the estimator described below, in
section 3.5.

We now use the viewpoint transformation to transform the image feature's position from zy6s to
xyuv model coordinates. If we disregard the uncertainty in the transformation estimate, we will
obtain a Gaussian pdf in model coordinateswith mean At and covariance A;C.A]. Onthe
other hand, if we disregard the uncertainty in the image feature position, we will obtain a Gaussian
pdf in model coordinateswith mean A .t and covariance AkCtAZ. But when both the image
feature's position and the transformation are characterized by Gaussian pdfs, the pdf in model
coordinates cannot be characterized as Gaussian. At best we can approximate it with a Gaussian
pdf, and this we do using the mean and covariance given by

by = Ajytand )
Cit ~ ACLA] +ALCA]. 9)

The position of the model feature, j, is aso characterized by a Gaussian pdf in zyuv model
coordinates. Its mean b; and covariance C; are simply estimated from the series of position
vectors, EJ that the model records for that feature.

We can now estimate the probability that j matches k according to their position pdfs and the

“Two practical considerations enter into the estimation of C;. First, when B_] contains too few samples for areliable
estimate of C;, the estimate that B; yields is blended with another determined by system parameters. Second, minimum
variances are imposed on C; to overcome situations where B; has zero variance in some dimension.
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transformation pdf. Thisis done by integrating, over all positionsr, the probability that both the
image feature is at r and the model feature matches something at r:

P(b; = T(by) | & #L,T,H) ~ / P(F; = r) P(Ex = 1) dr, (10)

Here r ranges over xyuv model coordinateswhile r; and 1y, are random variables drawn from the
Gaussian distributions N(b;, C;) and N(by,, Cy). That theintegral isaGaussianin b; — by, can
be seen from the fact that it is essentially a convolution of two Gaussians. Indeed, it is equivaent to

P(b; = T(b) | & #1,T, H) ~ G(bj — by, Cj + Chs) (11)

where G(x, C) isaGaussian with zero mean and covariance C. Equations 8, 9, and 11 give us our
desired estimate.

3.5 Estimating viewpoint transformation

From a series of feature pairings we wish to estimate a viewpoint transformation that will
maximize our match quality measure. Fortunately, the transformation is applied as alinear
operation (equation 1) and the match quality measure effectively sumsthe squares of the distances
between paired model and image features (equations 7 and 11). Consequently, thisisalinear

| east-sguares estimation problem for which good algorithms exist.

The estimation problem is formulated as follows. Each pairing (7, k) of model and image features
isrelated by the transformation t and aresidual error €:

Apt=h;+8. (12)

Here A, isthe matrix representation of image feature k’s mean position, t isthe transformation
estimate represented by the vector [z, y; u; v¢], and b; isthe vector representation of model feature
j'smean position. Theresidual € isassumed to have a Gaussian distribution whose covariance,
C;, can be estimated from the series of position vectors, Ej recorded by the model. Through a
process known as “whitening”, we can rewrite this relation so that the residual has unit variance.
Here U; denotesthe upper triangular squareroot of C; (i.e., C; = UjUJT):

Ut At =U;'b; +&, where& ~ N(0,1).
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A series of feature pairings gives us a series of such relations. From those, a linear least-squares
estimator determines both the transformation t that minimizes the sum of the residual errors, and
its covariance C;.

During a match search based on iterative alignment, feature pairings are adopted sequentially. We
need to refine the transformation estimate with each new pairing or group of pairings adopted so
that an improved estimate can then be used to identify additional pairings. Thusarecursive
estimator is used.

The square root information filter (SRIF) is arecursive estimator that is particularly well suited for
this problem. Compared to the Kalman filter it is numerically more stable, it is faster for batched
measurements, and it has the nice property of computing the total residual error as a side effect [3].
Asits name implies, the SRIF works by updating the square root of the information matrix, which
istheinverse of the estimate’s covariance matrix. Theinitial squareroot, R4, and state vector, z1,
are obtained from thefirst pairing (j, &) of model and image features:

R, = U;l A, and z1 = U;l bj.

Then, with each subseguent pairing (j, k), the estimate is updated by triangularizing a matrix
composed of the previous estimate and data from the new pairing:

R, 1 zi1 | A R, z
U tA, Ut 0 e |’

When estimates of the viewpoint transformation and its covariance are needed, they can be
obtained by

t;i=R;'z;, ad C;, = R;'R; .

Thisrequires only back substitution since R; istriangular. The SRIF also makes the total residual
error available as e;e], which conveniently correspondsto the log P(Bj =T(by) | €; #L,T, H)
component of our match quality measure. Thus, following each update of the transformation
estimate, the match quality measure for the new transformation can be computed easily, without
the need to re-eval uate equation 11 with the new transformation and all previous feature pairings.
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3.6 Matching procedure

In matching model and image graphs for the purpose of recognition, we seek amatch (E, T') that
maximizes the match quality measure (equation 7). Although it does not appear possibleto find
the optimal match through anything less than exhaustive search, in practice near-optimal matches
can be found quickly by iterative alignment. Here we describe how iterative alignment is
performed in our case.

Alignment starts from hypothesi zed feature pairings that each provide an initial estimate of the
viewpoint transformation. To choose these hypotheses, all possible pairings of higher-level
features are ranked according to the contribution each would make to the match quality measure.
The rank of the pairing (j, k) isgiven by:

gi(k) = mjgxlog P(é; =k|T,H)—logP(é; = k). (13)

This ranking favors pairings where the model feature has a high likelihood of matching, the two
features have similar attribute values, and the resulting transformation estimate’s variance is small.
Moreover, because the component of P(¢; = k | T', H) that dependson 1" is a Gaussian, its
maximum over T' can be computed readily. A search is begun from each of the several
highest-ranked pairings.

From aninitial pairing, the search proceeds by identifying additional consistent pairings, adopting
the best of them, and using those to update the transformation estimate. Again, possible pairings
are ranked according to the contribution each will make to the match quality measure:

o, (K B, T) = { gogP(ej =k|T,H)—logP(€; = k) if (j,k) isconsistent with £

otherwise

This ranking favors the same criteria as the ranking of initial pairings (equation 13), while further
requiring that pairings be consistent with those already adopted and favoring pairings whose
feature positions correspond closely according to the transformation estimate. Possible pairings
are placed on a priority queue so that, once all pairings have been evaluated, the queue contains a
few dozen of the best. Then, if any queued pairings can be considered ambiguous because they
conflict with other queued pairings, those ambiguous pairings are downrated so that they will be
postponed in favor of less ambiguous ones. Finally, the highest-ranked pairings are adopted and
used to update the transformation estimate.
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Backtracking is performed when ambiguity forces a choice among conflicting pairings, and a
search branch is terminated when no additional pairings can be identified to improve the match
quality measure. From severa starting hypotheses and the various search branchesthat result from
backtracking we obtain a number of consistent matches. As matches are found, only the best
match is retained, and its match quality measure provides a threshold for pruning subsequent
search branches.

3.7 Modé€ learning procedure

Since the model learning procedure has been described elsewhere [11] we will only summarize it
here. Aninitial model graph is formed from thefirst training image’s graph. The model graphis
then matched with each subsequent training image’s graph and revised after each match according
to the match result. A model feature j that matches an image feature & receives an additional
attribute vector a;, and position by, for its series ffj and EJ Some unmatched image features are
used to extend the model graph while model features that remain largely unmatched are eventually
pruned. After several training images have been processed in this way the model graph nears an
equilibrium, containing the most consistent features with representative popul ations of sample
attribute vectors and positions for each.

4 Experimental results

The method has been implemented using facilities of the Vista computer vision environment [13].
The system recognizes 3D objectsin 2D intensity images, employing a repertoire of features
chosen for describing the appearance of manufactured objects. Straight and circular segments of
intensity edges are the lowest-level features. These are augmented by features representing
various perceptually-significant groupings, including junctions, pairs and triples of junctions, pairs
of parallel segments, chains of such pairs, and convex regions. Features that are rotationally
symmetric, such as straight lines, are simply represented by multiple tokens, one per orientation.

Presented here are two examples that illustrate some aspects of the method. Figure 3 showsa
model of a characteristic view of astool learned from nine training images acquired over a
20-degreerange of viewpoint. Figure 4 shows that model being used to recognize the stool in a
test image. As evident from the model depiction and from figure 5, features of the model differ
widely in positional uncertainty. Some differences are due to shiftsin the relative positions of
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(© (d)

Figure 3: Ninetraining images spanning 20 degrees of viewing angle, from (a) to (b), yield asingle
characteristic view model. Among model features, those denoting straight and circular segments of
intensity edge are shown in (c); those denoting pairs of parallel segmentsare shownin (d). Ellipses
depict two standard deviations of feature |ocation uncertainty.
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(b)

Figure 4: A cluttered test image (a) in which the partially-occluded stool is recognized (b). This
match beginswith apairing of junctions, shownin bold, that israted highly by equation 13 primarily
due to the image feature's intrinsic attributes. Matching proceeds with a pairing of paralld arcs,
also shown in bold, that is favored in part due to its model feature’'s low positional uncertainty
(apparent in figure 3(d)). Model features representing segments of intensity edge are shown aslight
lines projected into the image according to the final estimate of the viewpoint transformation.
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Figure 5. Features of the stool model vary widely in positional uncertainty, as shown by this
histogram of feature location uncertainty. Here, location uncertainty is measured as the area of a
one-standard-deviation ellipse about the model feature's expected location.

features with changing viewpoint: the seat and post remain fixed, for example, while the legs shift
in various directions. Others are due to inherent differencesin the accuracy of localizing various
types of features: for example, aright-angle junction might be better localized than an oblique or
acute one. Differences would be even greater for aflexible object.

A second example of moddl learning is shown in figure 6. After eight training images the model
includes a few features whose positions are quite uncertain due to lighting effects; any pairings
involving these features will have little influence on the viewpoint transformation estimate and the
match quality measure.

This example also illustrates how both topological and geometric relations among features
contribute matching constraints. Along the leftmost edge of the object, paralel line segments are
so closely spaced that their position distributions largely overlap; position alone provideslittle help
in choosing the correct pairings for these features. However, the line segments are al so components
of more distinctive features, including junctions and a parallel pair. Pairings for these other
features are less ambiguous. Once those pairings are adopted, they constrain pairings involving
the line segments through topological relations represented as arcs in the model and image graphs.
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(@ (b)

(d)

Figure 6: Eight training images spanning 14 degrees of viewing angle, from (a) to (b), yield asingle
characteristic view model. Among model features, those denoting straight segments of intensity
edge are shown in (c); those denoting junctions are shown in (d). Ellipses depict two standard
deviations of feature location uncertainty. Those that are exaggerated correspond to unreliable

features.
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5 Discussion

We have described an object recognition method that uses four characterizations of each model
feature:

A characterization of the feature’s diagnostic power, representing how likely it isto be
detected and how strongly it indicates the presence of the abject.

A characterization of the intrinsic attributes of matching image features.

A characterization of the positions of matching image features.

A set of abstraction and composition relationsinvolving other model features, as represented
by the topology of the model graph.

All four are acquired from training images and used opportunistically to constrain the search for a
match between amodel and an image. The search typically begins by matching afeature that is
very specific dueto itsintrinsic attributes, very likely to be matched in any image of the abject,
and otherwise rare; usually thiswill be ahigh-level feature representing a grouping of several
simpler ones. Remaining matches are then constrained not only by their intrinsic attributes, but
aso by their positions with respect to an estimated viewpoint and by topological relations relative
to the features already matched. In some cases position alone can identify unambiguous matches,
while in other cases topological relations effectively choose among nearby featuresin an image.

In comparison, aignment methods and methods that search transformation space have generaly
used only feature positions, and not information about features' topological relations. Methods

based on graph matching have generally not used feature positions directly, but considered only

topological relations and the relative positions of small groups of features.

Three of these four characterizations (all but graph topology) are represented probahilistically,
allowing amodel to represent not just one canonical appearance of an object but rather an
expected range of appearancevariation. This alows a single model to represent the appearance of
a 3D object over arange of similar viewpoints, aflexible object in avariety of similar
configurations, or an entire class of similar but distinctive objects.

This paper has focused on how feature positions, in particular, can be represented probabilistically
and used in matching. When the viewpoint transformation is restricted to a 2D similarity
transformation, zywv coordinate systems allow that transformation to be represented as a linear
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operation. Moreover, when uncertainties in the transformation and model feature positions are
modeled by Gaussian distributions, an optimal transformation can be estimated from feature
pairings by alinear least-squares estimator.

It should be noted that the least-squares formulation can consider the uncertainty in image feature
positions or model feature positions, but not both. Considering uncertainty in both model and
image feature positions requires atotal |east-squares formulation, which is not so readily solved.

We have chosen to consider uncertainty in model feature positions, which in terms of equation 12
meansthat errorsin b, and t, but not A, are considered in the least-squares solution. Instead one
could choose to consider uncertainty in image feature positions, as Ayache and Faugeras[1] have
done, by reversing the approach and solving for a model-to-image viewpoint transformation.
However, the pdfs of image feature positions carry considerably less information than those of
model features, which become highly individualized during model acquisition. Our choice alows
the viewpoint transformation to be constrained most by model features whose positions vary little,
and less by those whose positions vary greatly.

The explicit representation of uncertainty allows a model to describe appearance more completely
and accurately over arange of viewing conditions. We believe that, as a consequence, fewer 2D
characteristic views will be needed to describe a 3D object for agiven level of recognition
performance. In experiments reported here, we have achieved good performance with 2D
characteristic views spanning 14 to 20 degrees of viewpoint azimuth, indicating that fewer than
one hundred views may be needed to model appearance from all viewing directions.

This paper has described a representation for 2D characteristic view models, amethod called
probabilistic alignment for matching such models to images, and a procedure for learning the
models from training images. Experiments now in progress will better characterize the
performance of the probabilistic alignment method and the nature of the probability distributions
acquired through learning. In future work we plan to add a conceptual clustering procedure that
subdividestraining images among clusters corresponding to distinct characteristic views[12].
Together, these componentswill form a system capable of automatically learning to recognize a
3D object from any viewpoint.
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