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ABSTRACT

We present ap slgorithm for determining the position and orientation {pose) of an unoccluded three-dimezsinpal object
given a digitized grey-scale image. A model data base of characteristic views is generated prior to rup-time by merging
perspective views containing the same feature points, such as points of sharp curvature in an edge map into common
characteristic views. The run-time slgorithm consists of (1) extracting an edge map from the image. (2} locating feature
points in the edge map: {3} using intrinsic properties of the feature points in the image such as signs of curvature. to rank
the characteristic views for the object according to their likelihood of correspondence 1o the image {4) fg; .z'b charac-

eristic view ‘n the ranking matching properties of the image feature points and objert feature points 1o order to generate
po!entia? correspondences; and (5) verifving the most likely correspondences by examining a lrast-squares fit in each
correspondence. The fit yields a rotation matrix that defines the pose of the object

1. Introduction

The ability to automatically determmr the location and orientation (the posej of a threedimensions! o5
digitized intensity image is essential in mapy tasks of automation. including pavigation and pdri» handirn:  However,
determining the pose of an object is difficult for two reasons: (1) there are six independent degrees of freed o for 11 pise
of the object {three degrees of freedom for rotation. three for translation). and (23 if the resnlution of the dio
1s to be sufficiently fine to permit unambiguous recognition of the object, thern there 12 a sizeable quantiy O dats 1t
handled during the course of recognition.
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To make the problem tractable, the quantity of data must be reduced as early as possible dum;r th
cess. subject only to the constraint that sufficient data must be retzined to allow relislic recozmtion of
sought 1o the image. Opne wayv to accomplishk this reduction 1s to extract an edge map from the m:;tmd i
ing an edg. map essentialiv reduces the image dats from dimepsionality two {1e. 2z A/ X N pixel array
dimensionality one {i.e. chains of pixel coordinates) If there are many edges ip the image however,
represents a formidable amount of data.

Further reduction of the data can be sccomplished by extracting feature points from the ed s;¢ map A ?'f’»fwf point
which might correspond to a vertex or other point of extreme curvature in the edge map typically consists of the coo
pates of the point i the image as well as some additional information characterizing the Pm}.u A paru
point. for example, might consist of the image coordinates of 3 point of extreme curvature and a value den i rad
of curvature. The concept of a feature point generahizes to the concept of a feature point vector or featurs rector whick
coptaips two or more feature points and certain values describing relationships between sets of the feature points |
example. 8 particular feature vector might consist of an ordered triple of feature pomts and threv values denoting the pair
wise distances between the festure points in the image

If the characteristics of the feature points are robust and their locations are insensitive 1o powe n the ims
feature points are convenient starting points for hypothesizing correspondences bﬁ weern ah image and
an object. The bypothesized feature point correspondences can be combined o form
correspondences. Once a reasonable set of hypothesized feature vector correspondences 1=

depends solely on the robustness of the algorithm for verifying the feature vector correspon

of the types of feature points to be used in recognizing a particular object should result in relatively few feature verior
matches between the model and the image. the extraction of feature points and feature pou 3 3 signifs

cant reduction in the amount of data to be processed during the later stages of recogniti

In the following sections, we discuss & general algorithm which utilizes feature point vectors to deter
and rotatiopal orientation of an unoccluded three-dimensional ebject from a digitized grey-seale image

2. Detalls of the Current Implementation
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2.1. Off-linc Dats Base Generation

The slzonithm drperds upon s model data base produced prios to run-time The data base 1 generated as follows

Toe obpert o mesumed 1o have an intrinsic Cartesian coordinate systeni so that eark point on the object bas an acsom
cisted tnplet of coordinstes Centered about the Cartesian ongin, (6005 1 an imaginary sphere which completeh
enclsec the objert We tessellate the surface of the sphere into many regions of appronimately equal area. Each region in
the tesceliation corresponds 10 a perspective from which the object may be viewed bence we refer to the regions as per-
spective regions. We specify a perspective region with a pair of angles. elevation and azimuth. similar to the geographic
cocrdinates for latitude and longitude {see Fig 1) For earh perspective region, we obtain the corresponding isometric
projection of the objest by rotating the object with an orthogonal rotation matrix derived from the appropriate elevation
and azimmuth angles

After the rotation a silbouetting subroutine extracts the edges corresponding to the outhne of the object. a< it would
appear from that perspective. Another subroutine parametrizes the silhouette boundary in coordinates of arclength vs.
tangent angle  The parameterized boundary forms a function that is smoothed by convolving it with a Gaussian From
the smootked function we extract a list of points corresponding to extrema in curvature (see Fig 2} A point of large posi-
tve (negative] curvature an the image corresponds to a point of Jarge positive [pegative) slope in the tangent anzle
arclength function Thus. our feature points correspond to points on the silbouette at which the tapgent angle is changing
rapidiv ac & function of arclength. Some of the feature points in the sithouette correspond to unique, well defined points
on the obyoct we call these real feature points. Other feature puints anse because one part of the object 1s occluding
arother part: we call these virfual feature points.

We therefore acquire a list of feature points as we traverse the silhouette in counterclockwise order. The information
retaiped for each feature point includes the type of feature point {real or virtuali. the <z .y > coordipates of the feature
point 1p the plane of the silhouette, the corresponding <7.y.: > coordinates of the object {if the point 1s reall and the
sign of the curvature of the silbouette at the feature point. Finally. after all of the feature points bave been identified
bong tue sibouette we caleulate the pairwise distances between feature points

Wher this procedure has been completed for every perspective region 1n the tessellation. we merge perspective regions
g 1dentical hists of feature points into larger regions called characteristic views  We borrow the term characleris-
tic vicw from [CLF&2) but we have redefined the notion of topological equivalence below. To satisfy the criteria for merg-
Ing ante s commol characteristic view. the perspective regions must contain the same feature points m the same order A
Toview comprises this list of feature points) the averages of the elevation and azimuth avgles for the perspee-
ns eontained 1o the characteristic view: and. for enrch pair of feature points the hound- {taken over all of the per-
s contained 1o the characteristic view) on the projected distances between packh pair of points The charar-

et vaews are therefore topological equivalence classes where topological equivzlence 1+ defiped in terms of feature
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2.2. Rup-time Processing
Given 8 digitized grey-scale image of the unocclyded object as input, the recogmition phase procecds ac follows

An edge detection subroutipe extracts contours from the image. For simplicity, assume that only wue closed contour
results from the edge detection Anotber subroutine parametrizes the contour in terms of arclength and tangent angle,
smooths the resulting function. and extracts & hist of feature points (extrema in curvature) along the contour During this
phasc of the run-time processing. it is impossible 1o deduyce whether the featyre POIDLS represent real featyre points or vir-
tual! feature points The ouly information available is the ordering of the feature points around the contour, the sign of
curvature of each feature point, and the distance betweep each pair of feature points.

The perspective view of the object in the image must correspond to one of the characteristic views identified during
the off-line processing. Since the extrema in curvature should be fairly robust feature points, it follows that the extrema
1o the image should correspond closely to the extrema in the characteristic view silhouette, of which the image is an exam-
ple. Therefore, to determine which characteristic views are most likely to match the Image view, we compare the pumber
of image feature points of negative curvature and positive curvature to the number of featyre points of Like sign in each
characteristic view. The characteristic views most likely to match the image are those characteristic views for which the
numbers of negative and positive extrema most closely mateh the numbers of negative and positive extrems ip the image.
This procedure yields a ranking for attempting to mateh the characteristic views to the Image. Since many objects have
several dozen characteristic views, raoking the views in this way substantially reduces the combinatoric complexity of the

matching.

Once the characteristic views are ordered in this fashion. the most promising of them is examined 1c see how wel] jts
feature points correspond to the featyre points of the image. A correspondence between a feature vector {ie, a set of
feature points) in the characteristic view and a feature vector in the image is established by verifying that the following
are satisfied:

1. Each feature point in the image has the same sign of curvature as the corresponding feature point in the characteris-
tic view silhouette

2. The feature points in the image occur in the same order around the contour as do the corresponding feature points ip
the characteristic view silhouette.

3 Each pairwise distance between feature points in the image Lies between the maximum and minimurm distances caleu-
lated for the corresponding pair of feature points 1o the characteristic view sithouette The maximun. and mummum
distances are sofiened with tolerance values that allow for error in localizing the featyre points in the image

The purpose of matching image feature vectors to object feature vectors is to match enough feature points so that a rota-
tion metrix can be determined that gives 8 good fit between the coordinates of the image points to those of the rotated
projected object points. A least-squares fit is employed  Since the least-squares fit is computationalls expensive. we
attempt it only when there is s bigh probability thst the featyre vector correspondence is valid

We define ap n-tuple correspondence s 8 mstch betweer a feature vector derived from n points of the object and &
feature vector derived from n points in the image. The matching strategy involves generating quadruple correspondences
betweer four consecutive points around the silhouette and four consecutive points around tLe image. Sipce there are only
Ofinj vald quadruple correspondences of consecutive feature points, the matching is fast. The four singleton correspon-
dences with the highest frequencies of occurrence amorng the quadruple correspondences are then selected for determining
the rotation matrix,

Once s quadruple correspondence is selected for determining the rotation matrix. & modified version of the
Levezzberg~Marqaad! nonlipear least squares algorithm is used to calculate the elevatior and azimuth esgles which are
used to form the rotation matrix {see [BrD72]). The convergence parameters of the algorithm determize whether ap n.
tuple (n>4) correspondence that contains the quadruple correspondence should be generated to verify the correctpess of
the fit. If convergence does not occur, the available options are to attempt another match after selecting & different qua-
druple correspondence from the bigh-frequency singleton correspondences, or to select & different charasieristic view for
matching

&. Conclusion

We bave presented an algorithm for determirirng the rotatiopal orientation of a three-dimensional object given a digi-
tized grey-scale image. The algorithm employs feature point correspondences to index into & dats base of characteristic
views for the object, where feature points are defined ac extremsa in curvature around an edge contour and characteristic
views are defined in terms of the feature points which are visible from 8 particular perspective
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