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Abstract

We present a method of indexing 3-dimensional objects from single 2-dimensional
images. Unlike most other methods to solve this problem, ours does not rely on
invariant features. This allows a richer set of shape information to be used in the
recognition process. We also suggest the kd-tree as an alternative indexing data
structure to the standard hash table. This makes hypothesis recovery more efficient
in high-dimensional spaces, which arenecessary to achieve specificity inlarge model
databases. Search efficiency is maintained in these regimes by the use of Best-Bin
First search, amodified k d-tree search algorithm which | ocates approximate nearest-
neighbours. Neighbours recovered from the index are used to generate probability
estimates, local within the feature space, which are then used to rank hypotheses for
verification. On average, the ranking process greatly reduces the number of verifi-
cationsrequired. Our goproach isgeneral inthat it can be applied to any real-valued
feature vector. Inaddition, it is straightforwardto add to our index informationfrom
real imagesregarding the trueprobability distributions of the feature groupings used
for indexing. In this paper, we provide experiments with both synthetic and real im-
ages, aswell asdetail sof the practical implementation of our system, which has been
applied in the domain of telerobotics.

1 Introduction

In general terms, an index is a reorganization of a set of data, from its natural ordering to one
in which certain search tasks become easier. In object recognition the data are shapes, or ap-
pearances, and the rearrangement is from a database of |abelled object modelsto an ordering by
numerical representation of shape. In almost all approaches to date, the data structure used to
store the reordered data has been the hash table, and most of the interest has focused on which
type of special-caseinvariant shape descriptor to store there. 1nthis paper, we apply indexing to
non-invariant features, and argue that there must be areconsideration of the best way to reorder
the shape data, regardless of the exact shape representation chosen. To this end we suggest the



kd-tree, with a modified 4 d-tree search algorithm, as a more efficient aternative to the ubiqui-
tous hash-table data structure.

At first glance, invariant features and hash tables appear to be the optimal choices for index-
ing efficiency. Since invariant features by definition do not change with viewpoint, asinglein-
dex entry could be used to represent afeature, or set of features, from all viewing directions, and
memory requirements would be minimized. Aswell, hash tables promise constant time lookup
of entries, which would mean the time complexity could not be further reduced.

It has been shown [1, 2, 3], however, that no invariants exist for general 3D point sets. Be-
cause of this, many methods have developed special-case invariants by placing constraints on
feature sets, for example, that all featuresliein aplane[4, 5, 6, 7, 8]. We believe this approach
istoo restrictive for the 3D-from-2D recognition problem, and has meant that awealth of shape
information from non-invariant groupings has been unavailable to the indexing mechanism.

Hash tablesal so turn out to be problematic when one considersindexing in high-dimensional
spaces. Thisregime isimportant as it corresponds to the use of more complex shapes, which
are necessary to provide the high degree of specificity required to discriminate between alarge
number of object models. Themain goal of indexingisto recover from theindex themost similar
model shapes to a given image shape. Interms of feature vectors, or points in a feature space,
this means finding a set of nearest-neighbours (NN) to a query point. It turns out that nearest-
neighbour search in a hash table requires atime exponential in the dimension of the space. The
problem liesin the fact that the closest neighbour may not lie in the same hash bin as the query
point, but rather in one of the many adjacent bins.

Our two-stage indexing process consists of an off-linetraining stage and arun-timerecogni-
tion stage. In the training stage, synthetic images of each object are acquired by sampling from
the view sphere. The images are processed to extract feature groupings. In this paper, two types
of feature grouping, called Local Feature Sets, are used for indexing: chains of coterminating
segments, and parallel segment groupings. Angle and edge-length relationships between the
segments of a grouping are used to generate a multi-dimensional feature vector, which can be
stored in the index structure. Since feature appearance changes with viewpoint, and our features
arenon-invariant, agiven underlying 3D groupingwill in general be represented by asmall clus-
ter of points within the index space. These are samples from the probability distribution of the
underlying grouping, and given enough samples, what will effectively be stored in theindex are
accurate estimates of these distributions.

At runtime, feature vectors are extracted from the test image and used to access the k£d-tree,
recovering asmall set of nearest-neighbour model vectors. An approximate NN search method,
called Best Bin First search [9], isused to extend the efficiency of thissearch to higher-dimensional
spaces, at the expense of occasionally missing one of the actual closest neighbours. We then em-
ploy akernel-based probability estimator, which relieson the number and distance of neighbours
indicating aparticular underlying grouping. Whileinterpolating between the pre-stored training
views recovered in the NN search, the estimator provides the likelihood that a given hypoth-
esisis correct. Ranking hypotheses according to their probabilities provides the best ordering
for a subsequent verification stage, increasing the accuracy of indexing (also noted by [10, 11]).
Note that in cases where invariant features are avail able, they can be easily included within our
framework, with the attendant reduction in storage.



2 PreviousWork

We first discuss several prominent indexing methods which have used invariants and hash ta-
bles for indexing. Forsythe et al.[4], outlined several types of projective invariant feature for
indexing planar objectsviewed in arbitrary 3D orientations. Their experimentswere carried out
using a 2D index space generated by pairs of coplanar conic sections. Rothwell et al.[7], used
4D indices defined by areamoments of planar curves, that werefirst transformed into canonical
reference frames. In each of these methods, the dimensionality of the spaces and the number of
models were too small for the inefficiency of hashing to be critical.

The geometric hashing technique ([6, 5]) has also generally been applied in low- (2- or 3-
) dimensional index spaces generated from planar point sets. In this method, triples of points
are used to establish bases in which the coordinates of other, coplanar points remain invariant.
Models are stored redundantly in the index, using all combinations of coplanar points as bases
and hashing the remaining points into the table. This means that at run-time, if a correct basis
tripleis chosen from among the image points, the corresponding model pattern is available and
readily detected.

While this technique differs substantially from other indexing methods in that voting over-
comes some of the difficulty with bin boundaries, Grimson [12] notes that performanceis poor
even with small amounts of noise and clutter. Thisisdueto the hash table becoming overloaded
with entries, and indicatesthat the use of higher-dimensional spacesisimportant. Memory usage
from the redundant storage of models is aso excessive. In [5], geometric hashing was applied
with larger (8D) indices generated from planar curves (“footprints’). However, the experiments
did not truly test indexing performance because only afew model swere used, with 3 or 4 features
each.

Stein and Medioni presented a method suitable for 2D-from-2D [13] and 3D-from-3D [14]
indexing. The novel aspects of this work included the use of multiple levels of smoothing to
improve segmentation [13], and the introduction of a new feature type, the “splash”, for non-
polyhedral 3D data [14]. However, since the regimes they worked with give rise to invariant
features, they were able to avoid the difficult issue of non-invariance associated with the 3D-
from-2D problem. Hash tables were again used as the index structure. While the former paper
used index spaces of between 3 and 6 dimensions, thelatter work considered higher- (up to about
14-) dimensional spaces. They avoided the exponential (with dimension) searchfor NN by using
extremely coarse quantization of the hash bins (e.g., 60° for anglefeatures), and looking only in
the single bin containing the query point. However, thisleads to the recovery of alarge number
of hypotheses, with a low signal-to-noise ratio, since highly dissimilar shapes are allowed to
match. Neither does it preclude missing a significant percentage of good hypotheses which lie
just across one of the many bin boundaries. Beisand Lowe[15] provide evidence that, no matter
how coarse the binning, hash table performanceis poor in high-dimensional spaces.

In [16], Califano and Mohan argue for the use of higher-dimensional spaces in indexing.
Their analysis indicates a dramatic reduction in recognition time by increasing the size of the
feature vectors. However, they again use hash tables for the lookup and do not search across
bin boundaries. Thus, in their method a pose clustering stage is required to accumulate results,
presumably because of the high likelihood that a query will land in a different bin than that of
the best neighbour. Because a number of separate groupingsis required to initiate a hypothe-
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sis, and each grouping is already non-robust due to being high-dimensional, their method will
lead to alarge number of false negatives when real images are used. Our experiments show that
adequate discrimination can be achieved using significantly less information, namely a single
high-dimensional feature grouping, but weighted according to its unigueness or saliency.

The method of Clemens and Jacobs [3], while using hash tables, did not assume invariant
feature sets. They derived 4D and 6D index spaces from general (i.e., non-planar) 3D point sets.
However, the difficult task of feature grouping was done manually, and the model database and
index spaces were again too small for hashing inefficiency to be noticeable.

The most similar work to our own is that of Dickinson et al. [17, 18]. Like us, they com-
pute probabilities of association between non-invariant features observed in images and object
models, but the approach they take is quite different. Their system is based on a small set of
high-level volumetric primitives which sit atop a hierarchy of simpler features: the 3D “primi-
tives” are composed of 2D aspects; aspects are composed of faces; and faces are composed of
boundary groups. Combinations of the small number of “top-level” primitives are used to gen-
erate awide variety of possible object models. By using afixed set of primitives, they areableto
pre-computethe probabilitiesof association between featuresin any two layersof the hierarchy,
and to store these in index tables. However, because the primitivesare simple, with variable di-
mensions, the inferences from bottom- to top-level are very weak. In contrast, the use of more
complex quantitative information as we suggest below leads to strong probabilistic inferences
directly from the image data to the model database.

There have been a number of recent appearance-based approaches to object recognition, in
which many sampled 2D views are used as the representation for 3D objects. Because these
methods do not use 3D models, they do not solve for accurate object pose as in the approach
given in this paper. However, these approaches do ssmplify the model acquisition process and
they explore anumber of new feature typesthat could prove useful for increasing the range and
robustness of recognition. Nelson and Selinger [19] use anovel form of grouping called an im-
age patch. A patchisformed from a curve segment bounded by pointsof high curvature, and all
other curves within a square region around the curve are included in the grouping. This has the
advantage that it can make use of curved and disconnected edge segments. Schmid and Mohr
[20] have used a set of differential invariantscomputed at image corner pointsaskey featuresfor
indexing. These havethe advantage of being ubiquitousin natural images, but aremore sensitive
to illumination change than edge-based features. Other more global approaches to appearance-
based recognitioninclude el genspace matching [ 21] and receptivefield histograms[22], but their
more global features make them more sensitive to clutter and partial occlusion.

3 TheProblemsof Shape-based | ndexing

We next delineate several issuesinvolved in the application of indexing to the problem of object
recognition. Because the use of geometric features is much more developed in the recognition
community than, say, color or texture, the association of “features’ with “shape” will be more
natural for most readers, so the term “shape” will be used rather than “appearance’.

Problem 1. Shapeisambiguous. A given set of image features may suggest amatch with more



Figure 1: A singleimage grouping (whitelines) indicates several possible model matches (black lines) viaindex-
ing. At most one of these may be valid.



Figure 2: Severd feature groupings detected in the image (black lines) indicate possible model matches (white
lines) viaindexing. In general, only a small percentage of these will be valid.

than one object (Figure 1). Thisisclear, as sub-partsof different objects may even beidentical.
The problemis especially relevant for the 3D-from-2D recognition problem, where awide vari-
ety of 3D shapes can result in the same 2D shape after projection, depending on the viewpoint of
the camera. Similarly, the image will contain many feature groupings, only a small number of
which arelikely to bevalid (Figure2). In both situationsit isimportant for theindexing process
to indicate which of the recovered hypotheses are more likely to be correct.

Problem 2: Shape varieswith viewpoint. This phenomenon is due to the projection from 3D to
2D. Even if the same object faces are visible from different viewpoints, the features on the faces
will have changed intheimage. The problemisnon-trivial sincethevariationisboth highly non-
linear and continuous, the latter implying that there is an ostensibly infinite set of appearances
for each object in the database. In other forms of the recognition problem, the 2D-from-2D and
3D-from-3D versions, this difficulty does not arise.

Problem 3: Shape is not already quantified as a number. What is the best shape descriptor to
use for indexing? At a minimum it must have the property that similar shapes lead to similar
index values, since noise can cause small variationsin image feature values. 1deally, the shape
descriptor would be invariant to the change in viewpoint, and only asingle index entry would be
needed for each 3D model shape, but as previously mentioned, invariant features are too restric-
tive for this problem. However, it will be seen that partia invarianceis important for the same
reason that complete invariance would be ideal.

Problem 4. Dataisimperfect. For avariety of reasons, image dataused as input to the indexing
algorithm will not be perfect.

1. Occlusion. An object may be partially hidden behind another object.

2. Noise. Feature values may be dightly distorted from one image to another depending on
lighting conditions, digitization effects, and segmentation algorithms.



3. Mis-detection of features. Inthe case of edges, asegmentation algorithm may break asin-
gle edge into several smaller edges, or confound edges from two (or more) objects, gen-
erating asingle edge. Furthermore, depending on the viewpoint and lighting conditions, a
3D feature that typically produces an image feature may fail to do so. One examplewould
bean edge that becomesinvisiblewhenthereisalack of contrast fromonesideto theother.

Any indexing solution to the 3D-from-2D recognition problem must address each of these
problems, while at the same time attending to the fundamental issues of time and space com-
plexity. In the next section, we outline just such an approach.

4 Indexing Without Invariants

4.1 Introduction

As noted by Clemens and Jacobs [ 3] and others, the first stage of any indexing method must be
feature grouping. Thisisbecause single featureswill generally not have sufficient specificity to
differentiate between many different objects. We uselocal groupingsof primitivefeaturescalled
Local Feature Sets, grouped according to certain perceptua properties (see below). These are
represented as feature vectorsin a multi-dimensional feature space. We choose groupings that
arepartially invariant to the full set of imaging transformations, keeping space requirementsrea-
sonable. Various combinations of the primitive features are used to develop arich set of redun-
dant groupings, as a counter to occlusion and missing features.

Our indexing stage is broken into two parts. search and probability estimation. Becauseit is
impractical to store analytical formsfor the probability distributions of the Local Feature Sets,
we store samples of the underlying distributions. These are collected in atraining stage, during
which all objectsin the database are imaged from many different viewpoints, and a feature ex-
traction processisapplied. Thesamplesarestoredinakd-tree, whichisthe natural datastructure
for NN search in continuous, real-valued multi-dimensional feature spaces.

At runtime, the same feature extraction process is applied to the test image, generating im-
age vectors used to query the index. The use of the £d-treg, in conjunction with BBF search
(see below), provides rapid access to the closest stored neighbours, i.e., the shapes most simi-
lar to the detected image shapes. A kernel-based probability estimator uses the set of recovered
neighbours, interpol ating between nearby stored views of an object and handling the problem of
viewpoint variation of shape. Smooth estimates are also useful to provide graceful degradation
of performancein the presence of noise. The probabilities are used to form aranked list of hy-
potheses. While thereis no perfect way to differentiate all objects based on local descriptors of
shape, the use of probability estimates deal s effectively with the inherent ambiguity of indexing.
Thus we can think of our index as containing probability distributions for certain types of fea-
ture set, and our two-stage indexing method as a way to access these distributions. A summary
of the proposed indexing method is provided in Figure 3. The choices detailed above provide a
comprehensive solution to all of the problemsoutlined in Section 3, and scale well with the size
of the model database. This approach has been explored in detail by Beis[9].



Training stage:

1. Generate a set of training examples for each object by observing it
from many points of view.

2: Storetheassociated featurevectorsinthe kd-tree datastructure. There
will be one kd-tree for each type of feature grouping.

Recognition stage:
1. Derive N feature vectors x; fromimage.

2: Use BBF search to recover, for each x;, a set of £ nearest-neighbour
model vectors, indicating potential matches. The total number of
unique hypothesesisthus < & - N.

3: Use alocal, kernel-based estimator to interpolate between nearby re-
covered training views, and compute probabilities for each unique
match hypothesis as in Equation 2 or 3. (E.g., for kNN, p(m|X) =
k.. /k.) Rank hypotheses for verification according to probability es-
timates.

4. Verify hypotheses, to eliminate any fal se positives generated by index-
ing.

Figure 3: Indexing methodology. The four stages of the approach (grouping, search, probability estimation, and
verification) are described in more detail bel ow.

4.2 Shape representation

The constraints on shape representation imposed by our indexing framework are minimal: any
relatively stable, real-valued feature is appropriate. In this paper we have chosen to use per-
ceptually significant groupings of straight edge segments as the fundamental set of shapes with
whichfeaturevectorsaregenerated. Segment primitivesare grouped together if they exhibit cer-
tain non-accidental propertiessuch as parallelism, cotermination, or symmetry (only the former
two have been implemented to date). It is important to note that many other types of primi-
tive/grouping are possible, which could be used to extend the scope of the indexing approach.
Feature values are derived from relationships between the segments, and consist of angles
and edge length ratios. These features are partially invariant to the full set of model-to-image



Figure 5: Examples of paralel feature groupings (bold lines) of various cardindlities.

transformations, i.e., to trand ation and image planerotation?, and only change significantly with
out-of-planerotations. Thisisimportant, aseach invariant degree of freedom drastically reduces
the number of training examples required to represent the probability distribution for a given
grouping (see Section 4.4). So, while we reject the concept of totally invariant features as too
restrictive, we believe that the proposed level of invariance is both very useful and straightfor-
ward to achieve with many different types of feature.

Examples of segment chain and parallel groupings are given in Figures4 and 5. An exam-
ple of afeature vector would be (61, 65, 05, 15/15) for a4-segment chain, where 6, are the angles
between consecutive segments: and: + 1, and /3 /[; isthe length ratio of the two interior chain

Yn fact, thisis only true when using the weak perspective projection approximation. Indexing objects under
large perspective distortionswoul d require the use of extratrai ning examples, to cover the additional range of shape
variation.



segments. Thereisa practical trade-off between the specificity and the robustness of groupings.
The larger a grouping, the less ambiguous the shape, but the more likely that the grouping will
fail to be properly detected, due to occlusion, noise, etc.

Therefore, in order that the indexing process be accurate and at the same time not overly
brittle, alarge degree of redundancy is required. Any single view of an object should contain
severa heterogeneous groupings capable of generating vectors useful for indexing. While the
larger groupings are more fragile, when they are detected they should lead to rapid recognition.
In cases where they fail to be detected, the system can fall back on smaller, more ambiguous
groupings, which will generally have lower probability estimates, hence lower rankings, and
therefore require somewhat longer verification times.

An important issue for consideration with such groupingsisthe relative scaling of different
dimensions in the feature space. Each dimension refers to a separate quantity, and each may
be measured in different units. Because the notion of distance within the feature space is so
important for indexing, the distance must be made meaningful with respect to shape similarity.

For the purely geometric features used in this paper, we have set the scaling by hand, tak-
ing into account expected noise levels and intuitive notions of similarity (see Section 4.4 for
further details). For more complex combinations of features, an optimization method such as
Variable-kernel Similarity Metric learning [23] may be important to determine the best values
for the dimensionality weighting parameters.

4.3 Index Structure

The primary goal of indexing must be rapid runtime recovery of good hypotheses. We formulate
thisas a k nearest-neighbour (kNN) search in which, for agiven query point (i.e., image feature
vector), asmall number of the closest pointsin theindex space arerecovered. Thisisin contrast
to hash table methods, which effectively do arange search, recovering all pointswithin agiven
distance from the query point.

By using kNN search, as opposed to range search, we sacrifice asmall amount of thorough-
ness for alarge gain in efficiency. This is because, whileit is true that most of the neighbours
recovered in arange search are possible matches, the vast majority will have avery small prob-
ability of being valid. In general, the highest probability hypotheses can be discovered by ob-
serving just afew of the closest neighbours.

Itiswell known that tree structuresare more efficient than arraysfor retrieving NN in higher-
dimensional spaces. One of themost widely used of theseisthe kd-tree[24] [25]. (Notethat the
Rtree, astructure similar to the k£ d-tree but useful for range searches, requires extra storage that
becomesimpractica asthedimensionality increases.) The kd-treeisbuilt asfollows. Beginning
with acomplete set of N pointsin R*, the dataspaceissplit on the dimension i in which the data
exhibitsthe greatest variance. A cut ismade at the median value m of the datain that dimension,
so that an equal number of pointsfall to oneside or theother. Aninternal nodeis created to store
¢+ and m, and the process iterates with both halves of the data until a bin contains fewer than a
small, fixed number of points. Thiscreatesabalanced binary treewithdepth d < [log, N, with
the equality holding when the number of points per binis1.

Theleavesof akd-treeform acomplete partition of the data space, with theinteresting prop-
erty that binsare smaller in higher-density regionsand larger in lower density areas. Thismeans
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Figure 6: kd-treewith 8 data pointslabelled A-H, dimension of space k=2. On theright isthe full tree, the |eaf
nodes containing thedata points. Internal node information consistsof the dimension of the cut plane and the value
of thecut inthat dimension. Ontheleftisthe 2D feature space carved into varioussizes and shapes of bin, according
tothedistributionof thedatapoints. Thetwo representationsareisomorphic. Thesituation shownontheleftisafter
initial tree traversal to locate the bin for query point “+” (contains point D). In standard search, the closest nodesin
thetreeare examined first (starting at C). In BBF search, the closest binsto query point ¢ are examined first (starting
at B). Thelatter ismore likely to maximize the overlap of (i) the hypersphere centered on ¢ with radius D..,,., and
(i) the hyperrectangl e of the bin to be searched. In thiscase, BBF search reduces the number of leaves to examine,
since once point B is discovered, al other branches can be pruned.

that there is never an undue accumulation of pointsin any single bin, and that the NN to any
guery should lie, with high probability, in the bin where the query falls, or in an adjacent bin.

To look up the NN to aquery point ¢, abacktracking, branch-and-bound search isused. First
thetreeistraversed to find the bin containing the query point. Thisrequiresonly d scalar com-
parisons, and in general the point recovered from the bin isagood approximation to the nearest-
neighbour. 1n the backtracking stage, whole branches of the tree can be pruned if the region of
space they represent isfurther from the query point than D.,.. (the distance from ¢ to the closest
neighbour yet seen). Search terminates when all unexplored branches have been pruned.

This process can be very effectivein low-dimensional spaces, hencetheclaimintheorigina
paper of logarithmic time lookup of NN. Unfortunately, as dimensionality increases, the same
problem that occurswith hash tables happens here (albeit to amuch lesser extent), and the search
algorithm ends up examining too many adjacent bins[26]. Much of thistime, however, is spent
testing bins unlikely to contain the best neighbour. An approximate search algorithm whichig-
nores most of these low-probability bins, Best Bin First (BBF) search [15], can be used to extend
the practical range of the method to much higher dimensionalities.

The basic idea behind BBF search isto look in the bins closest in Euclidean distance to the
query point first, rather than those closest in the kd-tree branch structure (the latter being the
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tactic used in the standard %£d-tree search — see Figure 6). BBF search expands outward from
¢ in amore symmetric fashion, and makes it more likely that the true NN will be encountered
early on in the search.

This property leads to the other improvement involved in BBF, which is ssmply to cut off
the search after examining a fixed number of leaf nodes. It turns out that a high percentage of
the time the algorithm has located the best neighbour, but doesn’t know it yet. In these cases,
terminating the search early has no negative effect.

BBF requires no change in the construction stage of the kd-tree, and the runtime search can
be easily implemented with a small amount of overhead using a priority queue. During NN
lookup, when adecision is made at an internal node to branch in one direction, an entry is added
to the priority queue to hold information about the option not taken. This includes the current
tree position and the distance of the query point from the node. After aleaf node has been exam-
ined, the top entry in the priority queue isremoved and used to continue the search at the branch
containing the next closest bin.

While the kd-tree data structure adapts itself during off-line construction to the locations of
the stored points, BBF adapts the runtime search to the position of the query point. Asshownin
[15], for moderate dimensionalities (e.g., 8-15), and for large numbers of stored points, the BBF
algorithm uncovers the exact NN a high percentage of the time, and a very close neighbour in
the remaining cases. This istrue even when only a small number of leaf nodes are examined.
Making NN search efficient in higher dimensions allows for the use of more information in the
feature vectors, and thus for more accurate indexing results.

In contrast, hash tables are in the uncomfortable position of trying to determineasingle, op-
timal bin size, when data density may vary dramatically from place to place within the space. I
the hash table search islimited to a single bin, as has often been the case [13, 16], then no mat-
ter how coarsely a high-dimensional space is divided, the vast majority of NN will be missed.
For example, suppose we have the following scenario (see[15]): an 8-dimensional space with a
uniform, random distribution of stored points (best case for hashing) in a unit hypercube. Sup-
pose further that each dimension is coarsely divided into 4 equal bins, and the number of points
ischosen to give 1 point /bin, i.e. 4 = 62536. Then asingle-bin hash table search will return
only about 18% of the nearest neighbours. On the other hand, expanding the hash table search
to include neighbouring bins makes it exponential in the dimension of the index space.

4.4 Estimating Probabilities

The fact that we alow non-invariant features, together with the continuous or real-valued na-
ture of most features, meansit is necessary to represent the continuous set of 2D appearances of
3D feature groupings. Various anayses[27, 2] have shown that the probability that a 3D feature
will take on oneof itspossible 2D appearancesisnon-uniform, and in many caseswill be sharply
peaked about a particular value. 1deally, we would determine concise analytical formsfor these
distributions, and hence have accurate probability information stored in a compact form. How-
ever, such expressionsare extremely complex even for pairsof features[ 28], whilewewouldlike
to use high-dimensional feature vectors. Computing the analytical forms also requires know!-
edge of the a priori likelihood of viewing each object from a particular viewpoint.
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The alternative, which we have chosen, is to sample object appearance from several view-
points about each object. Initially, this can be done either from random viewpoints, or using
some evenly-spaced tessellation of the view sphere. A local, kernel-based method is then used
to interpol ate between samples, and provide the probability estimates necessary for accurate in-
dexing. While this approach initially requires the same assumption as the method above (equal
a priori probability for al viewpoints), it is much less complex, especialy as grouping size in-
creases. Furthermore, the assumptions can be relaxed once the systemisin operation, by adding
informationfrom real imagesback into theindex, to update the probabilitiesaccordingto thetrue
rate of appearance of model feature vectors.

We have investigated two of the standard non-parametric density estimators, the £ nearest-
neighbours (kNN) and Weighted kNN (WKNN) methods. Using the notation of [29], the density
for class m at point X can be estimated using KNN as

p(xm) = "l 1)

Here V isthe size of asmall volume, centered at X; k,,, isthe number of samplesfrom classm
enclosed by V; and n isthe total number of samplesin the space. Then, for C' the total number
of classes, areasonable estimate for the a posteriori probability of class m issimply the fraction
of the £ samples enclosed by V' that belong to class m:

. p(X,m) k,
p(m|X) = =——— = — @)
(i) Yl p(Xe) K
Similarly, if theneighboursareweighted by awindow, or kernel, function, we havethe WkNN
estimate . . o
p(X,m) X o(][X — il /o)

p(m[x) = — = L (3)
ZCOZI p(X,C) Zf:l qb(HX_XlH/O-)
In this paper we have used the Gaussian kernel
qb(HXH) = 1 e—()‘c‘~>‘c‘/2cr2) (4)

o 2o

but any smooth window function should give similar results. WKNN weights each recovered
point according to its proximity to the test vector, which intuitively suggests a more accurate
estimate than kNN, with only a dlight increase in computation.

One problem for both methodsis the choice of k. A larger value for £ means that noise is
reduced and estimates are smoother, but that higher frequency variationsin the distributionsmay
belost. Inour experiments, we have used asmall value (k£ = 10) to keep the estimates|ocal, and
this provided satisfactory performance.

Inthe WKNN approach thereisafurther parameter, thewindow width o which, like k, affects
the smoothness of the interpolation. The window widthisclosely coupled with the requirement
to set the relative weighting of each dimension. The weightings determine distances within the
multi-dimensional feature space where different dimensionsrefer to qualitatively different prop-
erties. Asit isnot independent of the weights, it is acceptable to fix o at avalue of 1.0, and set
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only theweightsrelativeto . These have been determined according to what we believethein-
dexing algorithm should consider “similar” shapes. For example, for dimensions representing
angular features, a difference of (o =) 0.3 radians, or 17 degrees, was weighted to give adis-
tance of 1.0 in distance calculations. This means that a neighbour at distance O isweighted by a
value 1.0, whileaneighbour at distance 17° isgiven aweighting of ¢~ (0-303/27%) — ¢1/2 — () 61,
The other feature type used in this paper, edge-length ratio, was given the (unitless) weighting
o = 0.5.

Our use of inexact matching means that our method can handle small amounts of noise as
well as dight deformations in the dimensions of the actual object. In order to deal with large
variations in object shape, such as with a parametrized object (e.g. hinged or telescoping), it
would not be appropritate to smply relax the criteria of smilarity by changing the dimension-
ality weightings. Rather, the number of training views would need to be increased to cover the
increased variation in shape evident in such an object.

These methods are simple yet effective, as our experiments below demonstrate. Note that
afew of our parameters have been set manualy, including £ (number of NN to recover), the
BBF cutoff (maximum number of leaf nodes to visit during the search), and the dimensional-
ity weightings. We have found results to be relatively insensitive to the exact operating point
of these parameters, and that for a given database, a reasonable operating point may be deter-
mined with a small amount of experimentation (e.g. see Section 5.1.2 for number of training
views required). The exact parameter settings are much lessimportant for ensuring good index-
ing performance than is the specificity of the feature groupings, i.e. the dimensionality of the
index vectors. Fortunately, small increasesin grouping size lead to largeincreasesin specificity.

Finally, we notethat because probabilitiesare computed at runtime, based on a set of nearest-
neighbours recovered from the index, updating probabilities based on new information smply
requires adding new pointsinto the index structure. Further details regarding index update pro-
ceduresfrom real image data, and the associated clustering methods used to keep space require-
ments low, are availablein [9].

45 Verification

Given theestimated probabilities, hypothesesare sorted into alist ranked accordingto likelihood
of being correct. Beginning with themost likely hypothesis, we perform a verification procedure
which consists of two alternating steps. Thefirst is an iterative pose determination based on the
current match set. The second step attemptsto extend the match set to include additional object-
image feature pairs.

Poseiscomputed using aniterative, least-squaresalgorithm dueto Lowe [30]. At each stage,
the algorithm minimizesthe perpendicular distances of projected model segment endpointsfrom
image segments. The range of convergence for this method is quite large, and we have not ob-
served any problemwith the pose estimates avail ablefrom the recovered nearest-neighbour sam-
ples (i.e., for true positive hypotheses). In general, few iterations are required before the ago-
rithm converges.

Given the computed pose estimate, the model can be back-projected into theimage to search
for further matches. In early iterationswhilethe poseisstill approximate, one procedurethat has
proven to be very important in the match extension process is that the algorithm only matches
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Figure 7: Model database.

model segments which are adjacent on the model to segmentsin the current match set. Because
the initial pose may be inaccurate, model segments far from the current match set may project
to image positions quitedistant from their correct image match, and by coincidence get matched
with a“clutter” segment. This often causes verification to fail altogether, but if not, it leads to
inaccuracy in the final pose estimate.

Matches were considered valid if greater than 50% of the lengths of visible model segments
were matched. More sophisticated procedures are required to make recognitionrobust, using in-
formation such asthe number and density of image features, number of matches, etc. Because of
this, in order to better separate performance of the indexing mechanism from that of the entire
recognition algorithm, we have used both manual and automatic verification in many experi-
ments, and provide comparisons of the results of both.

5 Experiments

There aretwo gquestionsto ask regarding the performance of an indexing and recognition system:
(i) How oftenisthe object found? and (ii) How long doesit take? Each of these questions can be
further subdivided into two parts. (@) the performance of the indexing mechanism, and (b) the
performance of the rest of the recognition system. In this section, we investigate the degree to
which each component can be said to work, and provide estimates of the time required for each
one.

5.1 Synthetic Data

Synthetic images of database models can be used as test images, to isolate the indexing mecha
nism from the other aspects of recognition. Since ground truth isavailable, it is possible to de-
termine when indexing has succeeded even if subsequent verification fails. The database of 10
object modelsisshownin Figure7. The variableswe investigate are (i) the number of database
objects; (ii) the number of views of each object; (iii) the dimension of the index space; (iv) the
noise level in theimages; and (v) the method of probability estimation.

All experimentsin this section followed the same basic procedure. First, aset of trainingim-
ageswere generated, using either atessellation of the view sphere (240 views), or random views
sampled uniformly over the view sphere, depending on the experiment. Grouping methodswere
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applied to each image and the resulting training vectors stored in the (kd-tree) index. An inde-
pendent set of test imageswas then generated, where each was of asingle database object chosen
at random and viewed from arandom viewpoint. Because some objects had two-fold symmetry,
test views were restricted to a hemisphere; otherwise, a valid match to a symmetric counterpart
grouping could be rejected because ground truth segment labels didn’t match.

Gaussian noise was added to all test images. Each segment endpoint was perturbed in both
itsz and y image coordinate, at alevel controlled by the standard deviation o of the Gaussian,
measured in image pixels. o was set to 1.5 pixelsfor al experiments other than the experiment
testing noise performance. Thislevel was chosen subjectively asthetypical level foundin red
images.

The search method used was the BBF approximate £d-tree search. The number of nearest-
neighbours to retrieve, &, was set to 10, and the maximum number of stored points examined
per query was 100. For a single run, each data point was generated by averaging over 100 test
images, consisting of 10 random images of each of the 10 database objects. Error bars (standard
deviations) were produced by repeating the whole process 10 timeswith different random seeds.

Two performance measures were used:

1. Percent found: The percentage of timesthat the complete set of hypotheses generated by
the indexing method contained at least one correct match. A hypothesis was considered
valid aslong asthe correct model-grouping-to-image-grouping match was indicated, even
if subsequent verification might have failed.

2. Index ranking: For those images in which the object was found, the ranking of the first
correct hypothesis.

5.1.1 Number of Modéds

In thisexperiment: tessellated training was used (240 views over sphere); the grouping typewas
the 4-segment chain, which has a 6D index space; the number of models varied between 1 and
10. Aswell, the two modes of probability estimation were compared.

The two methods are virtually indistingui shable with respect to the percent found (Figure 8).
The small number of objects not found correspond to * degenerate” views, inwhich therearefew
groupings visible, none of which is salient with respect to the model database. An example of
this would be an end-on view of an object, in which only onefaceisvisible.

ENN and WENN arevirtually identical in ranking the hypotheses (Figure9), and both curves
show that very few hypotheses need to be verified before the object isfound. Recall that without
indexing, each image grouping would have to be compared to all groupings from all models,
which isadifference of severa orders of magnitude.

The dow increase in ranking with number of modelsisimportant to demonstrate the scaling
properties of the system. It indicates that, as the number of distractorsin the index grows, the
probabilistic rankings keep the number of verificationslow. For example, with 10 modelsthere
are over 200, 000 stored points (4-segment chain groupings), but the selectivity of the index is
such that on average less than 10 hypotheses need to be investigated before a successful match
isfound.

16



103

102 kNN

=
o
s

Percent found
=
© o
o o
: :
— e
N

[P S

~

98

97

96

95

1 2 3 4 5 6 7 8 9 10
Number of models

Figure 8: Performance vs. Number of models: Percent found.

18

16 kNN
14 |

12 +

10

Index ranking

1 2 3 4 5 6 7 8 9 10
Number of models

Figure 9: Performance vs. Number of models: Index ranking of thefirst correct hypothesis. Lower numbers are
better.

5.1.2 Number of Views

Inthisexperiment: training viewswererandomly sampled over ahemisphere; the grouping type
wasthe 4-segment chain, which hasa6D index space; the W&ZNN mode of probability estimation
was used; and the number of test images was 100.

Interestingly, the performance with respect to percent found (Figure 10) is very good with
even afairly small number of training views, correctly indexing over 90% when only 15 views
per hemisphere were used. This indicates that, over the full view sphere, perhaps only 30 to 50
prototypes are necessary to accurately represent the probability distributions of most groupings.

Theimprovement inrankingswith number of training views (Figure 11) meansthat the prob-
ability estimates are working as expected. For most other methods, storing alarger number of
distractorsin theindex would mean wor se performance, because more hypotheseswould be gen-
erated.
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Figure 11: Performance vs. Number of views: Index ranking of thefirst correct hypothesis. Lower numbers are
better.

5.1.3 Dimension of Index Space

In this experiment: tessellated training was used (240 views over sphere); the WENN mode of
probability estimation was applied; and the number of test images was 100. The grouping type
was the n-segment chain, which has a corresponding (2rn — 2)D index space.

Again, the overall performance is strong. The ow decrease in percent found with dimen-
sion (Figure 12) is possibly dueto it being morelikely in higher-dimensional spaces that asmall
changein viewpoint leadsto alarge changein at least one of thefeatures. Theinterpolation may
therefore have failed for some of the more widely spaced (in index space) views. The solution
to thisisto index using several types of grouping in parallel. In case recognition fails with the
more specific larger groupings, the system can fall back on lower-dimensional indexes.

The decrease in ranking with index space dimensionality (Figure 13) is dueto the increased
specificity with dimension, although theinitial specificity isalready quite high, so theimprove-
ment is slight. This effect would be more noticeable with alarger model database.
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514 Image NoiseLevel

In thisexperiment: tessellated training was used (240 views over sphere); the grouping typewas
the4-segment chain, which hasa6D index space; the WiNN mode of probability estimation was
used; and the number of test images was 100. The standard deviation o of the Gaussian noise
for each endpoint, in both image dimensions s multaneously, was varied between 0 and 4 pixels.
Feature positions and orientations in the o = 4 images were observed to be significantly more
distorted than featuresin typical real images.

The slow decrease in percent found (Figure 14) and the Slow increase in ranking (Figure 15)
both indicate a graceful degradation with increasing noise, due to the availability of “smooth”
probability estimates for the indices. Noise moves a point about in feature space by a small
amount, distorting probability estimates and rankings somewhat, but apparently this effect is
not dramatic. Of course, these results are dependent on the size of the object in the image, and
would be worse for smaller objects.
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5.2 Real Images

Itisvery difficult to perform quantitative analyses of recognition performance with real images,
asthereis no precise, agreed-upon measure of image difficulty. In fact, the difficulty of agiven
image for recognition will vary according to the algorithm used. This makes it problematic to
compare even the most similar current indexing methods, with researchersusing different types
of image data and different model representations.

For these reasons, we have organized our experiments with real images in a partly qualita-
tive, partly quantitative manner. Weloosely define three qualitative regimes, for which example
images are presented, and within which quantitative experiments were performed. All of these
regimes use actual camera images, as opposed to rendered images. The “easy” image regime
consists of imageswith very little clutter, no occlusion, and large objects (Figure 16). The*mod-
erate” regime has images with significant clutter, moderate occlusion, and a variety of object
sizes (Figure 17). Finally, “difficult” images are those containing significant clutter, moderate
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Figure 16: Four examples of “easy” images.

to significant occlusion, smaller objects, and avery large number of image features (Figure 18).

The training stage was the same for all three regimes. The optimal grouping for trading
off specificity and robustness was found to be the 4-segment chain, followed closely by the 3-
segment chain, and these were used in the experiments below. 3-segment parallel groupings,
whilenot in themselves highly effectivefor indexing, werefound to be quite useful for augment-
ing the chain groupings. The 240-view tessallated training method was used for each of the 10
models. This provided a database of 211, 000 vectorsfrom 13, 600 groupingsfor the 4-segment
chains; 133, 000 vectorsfrom 5500 groupingsfor the 3-segment chains; and 20, 000 vectorsfrom
2000 groupingsfor the 3-segment parallel groupings. The vectorsfrom each flavour of grouping
were stored in separate kd-trees.

Intherecognition stage we checked performanceusing the* optimal” groupingtype (4-chains),
and using all three types in concert, which is ower by approximately a factor of three. The
same search parameterswere used for BBF as in the synthetic image experiments, i.e., £ = 10
nearest-neighbours, and no morethan 100 pointswere examined per query. To isolate theindex-
ing component from verification, we first checked each hypothesis manually for validity, before
applying asimple automatic verification procedurefor comparison (Section 4.5). Whilethe ver-
ification issue certainly cannot beignored, it ismuch morecritical that anindexing method avoid
false negatives (from which recovery isimpossible) than it isto avoid false positives (which are
expected and which a sophisticated verification module should detect), and manual verification
allows usto separate the two for reporting.

5.2.1 Recognition with “Easy” Images

Thedifficultiesintroduced by moving from synthetic images evento very smplereal imagesare
non-trivial, so we consider thisregimean important test for any indexing method. Complications
introduced by lighting conditions and feature detection include: extra edges (from reflections
on some object surfaces), missing edges (due to lack of contrast over the extent of an edge),
broken edges (fromlack of contrast in alocal area, or dueto asegmentation error), and combined
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Easy | Moderate | Difficult
% found — 4-CHAINS 95 76 31
% found — ALL TYPES | 99.5 96 50
# Hypotheses/image (ALL) | 165 400 1000
Averagerank (ALL) 2.7 10.2 158
Median rank (ALL) 1 2 44

Table 1. Performance of indexing with real image data. “4-CHAINS’ refers to indexing using only 4-segment
chains, “ALL TYPES’ refers to the use of both 3- and 4-segment chains, as well as 3-segment parallel groupings.
Further explanation in text.

edges (two distinct edges erroneously linked by the segmentation algorithm). Inthissection, 208
images were acquired of one of the models in isolation. Examples are shown in Figure 16.

Table 5.2.1 givestheresultsfor all threeimage regimes. “Rank” means the rank of the first
valid match hypothesis, for thoseimageswhereindexing was successful. Inthe set of 208 “easy”
images, 198 were correctly indexed using only 4-segment chain groupings (95%). Of the 10 that
werenot, all were*“degenerate” views, taken directly from the front or the side of the object. By
inspection, it was clear that a human would also have had troubl e identifying the object in those
particular images. Nevertheless, when 3-segment chains and 3-segment parallel groupingswere
included, the number of successful index attempts climbed to 207 out of 208.

From the over 200, 000 stored training vectors, the algorithm was able to provide a good
match after only 2.7 verifications, on average. Infact, the majority of times (126 of 207) avalid
hypothesis was ranked first, and only in afew cases (6) was there a need to explore more than
10 hypotheses before the object was found.

One advantage of our manual verification procedure was that it allowed for a detailed anal-
ysis of the failure modes of the automatic procedure. Of the 207 successful index attempts, 47
verificationsfailed. However, of these, 25 failed due to the 2-fold degeneracy problem of pla-
nar feature groupings (which exists in the weak perspective regime of imaging). Thisis easily
correctable by trying both possible orientations (tilted either towards, or away from, the image
plane). 11 failed because of erroneous initial pose estimates, stemming from inaccuraciesin
image feature positions. However, when the system was allowed to continue searching the hy-
pothesis list after these failures (which would have been the case for an automatic recognition
system), indexing and verification eventually succeeded in 8 of the 11 cases, by using adifferent
(but still highly-ranked) image grouping for indexing and pose initiation.

A further 9 of the verification “failures’ actually signalled recognition properly, but the final
pose determination was sightly off, due to an incorrect match between two closely-spaced par-
allel segments. This problem is also easily corrected, by delaying ambiguous match decisions
until after the pose has been well constrained using other, more certain matches. The remaining
2 verifications which failed were due to a combination of reasons.

5.2.2 Recognition with “Moderate” Images

For these experiments, 25 images were gathered of a single database object in the presence of
significant clutter and noise, variable amounts of occlusion, and with the object appearing in
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Figure 17: Four examples of images with “moderate’ difficulty.

various sizes. Examples are shown in Figure 17. Performance trendswere similar to the “ easy”
image set, but dightly worsein al categories. The most significant drop wasin the percent found
using just the 4-segment chain groupings. This was due to severa factors— image noise, ob-
ject size, occlusions— conspiring to make longer chainslesslikely to be detected. Ranking was
again shown to be very important since, in the mgjority of cases, only afew verifications were
required beforeavalid hypothesiswasdiscovered. The differencesbetween the average and me-
dian rankings show that there were afew “outlier” cases, where alarge number of verifications
were necessary before the object was identified, but for the most part the selectivity was quite
good.

All but two of the valid indices led to proper verifications. These results are perhaps sur-
prising: it might be expected that verification would perform poorly with clutter, since a poor
initial pose estimate can lead to erroneous matches. A close examination of the verification pro-
cessrevealed that alarge part of this success was due to the match extension approach described
in Section 4.5. The two successful indices that were not properly verified corresponded to the
failure mode of correctly signalling object presence, but providing an inaccurate final pose.

5.2.3 Recognition with “Difficult” Images

Thisimage set consists of 16 images: 4 images of each of 4 database objects. The field of view
islarger than for the previous sets, so objects and features are generally smaller. Image noiseis
therefore more likely to disrupt the indexing mechanism. Occlusion is also a significant factor
in many of these images, which are more complex than those attempted in most previous work
on indexing.

Performance is relatively poor, although adding more grouping types improves things sig-
nificantly, and adding even more configurations would likely lead to further improvement. Of
the 8 successful indexing attempts, 7 were properly verified, and the remaining case failed due
to the 2-fold degeneracy problem of planar feature sets. The relatively large value for average
rank indicates that the high level of noise and clutter caused problemsin these images, but the
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Figure 18: Four examples of “difficult” images.

median rank demonstrates that the probability estimates are indeed worthwhile, asin most cases
no more than 50 of the 1000 hypotheses had to be tested before recognition succeeded.

524 Summary

In this section we have demonstrated strong i ndexing performance on the two sets of imagesthat
we qualitatively describe as* easy” and “moderately difficult” for recognition. Performance de-
gradesfor the set of imageswe havelabelled “ difficult”. Importantly, when recognitionfails, itis
not theindexing mechanism per sethat fails, but feature detection and grouping, or verification.
Thisisnot to claim that these other problemsaretrivial, but rather to argue that if feature-based
recognition isthe way to do object recognition, then the “indexing without invariants’ method-
ology isthe way to do feature-based recognition.

To improve indexing performance, a richer set of feature groupings are required. As well,
feature detection will require some engineering. For example, since corners are extremely im-
portant for chain groupings, it may be better to use an algorithm designed specifically to detect
corner features, rather than grouping straight edge segments together after they have been seg-
mented from the image. As well, the overall recognition procedure can be improved by two
straightforward additions to the verification procedure, i.e., dealing with the 2-fold degeneracy
of planar groupings, and handling ambiguous feature matches.

Indexing was shown to work extremely well using only crude choices for the parameters
(k, o) and small, simple grouping types. Perhaps the most important untested attribute of the
system is how it will scale with the number of stored models. A larger database will require
larger groupings for discrimination, although the specificity of 4-segment chains with respect to
the current database, by the use of probability estimates, provides evidence that extremely large
groupings may not be required. The excellent scaling behavior of the BBF search algorithm to
higher dimensionalities suggests that our approach isvery promising for use with asignificantly
larger number of models.
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5.3 Timing

We now look at the second important aspect of indexing, the timerequired to recover hypotheses
from theindex. For the purposesof thisanalysis, the recognition process can be subdivided into
the three stages of grouping, indexing, and verification. Some definitions are required:

1. Let G bethe average timeto perform grouping, given a set of image line segments.

2. Let I bethe average time to perform indexing with a single image feature vector. Thisis
the time to recover a set of nearest-neighbours from the index, and to form a probability
estimate based on those neighbours.

3. Let V bethe average timeto verify a single match hypothesis against the image.
4. Let N; be the number of image groupings.

5. Let N, be the number of underlying, 3D model groupings that can be used to form hy-
potheses.

6. Let k& be the number of neighboursto recover from the index during BBF search.

We can look at recognition time in both worst-case and average-case estimates. The total
time required will be the sum of the times for the three major components, grouping, indexing,
and verification. Grouping time is the same in both cases, ssmply . Indexing time for both
will also be identical: the number of queries to theindex will be equal to the number of image
groupings /V;, so the total indexing timewill be N; x 1.

For thethird component, verification, theworst case occursif each recovered neighbour leads
to adifferent hypothesis, and all hypotheses must be investigated. Thisleadsto V; x k verifica
tions. The average caseisonly meaningful if thetask we are performingimpliesthat verification
may terminate when an object isfound. The number of verificationswill then depend on the pa-
rameter set, aswell asthe particular image. In case an object is present in an image, this number
(call it A) will be much smaller than the worst case. Examples of typical values for A under
various imaging conditions are given in the previous sections (the “index ranking” values), for
synthetic and real images.

The expressions for total time are therefore:

Aver age case: (G+ N, x[+AxV) (5)
Worstcase: (G + N; x [+ N; x k x V) (6)

The average observed time for grouping 4-segment chains in the “difficult” images (Sec-
tion 5.2.3), which contained an average of 1100 segments per image, was G = 120 msec. On
avariety of images, the average query lookup timewas [ = 2.5 msec, for a database with over
200, 000 stored points. The average verification time per hypothesis was 25 msec. Typical val-
ues for the remaining variables were: N; = 1000, N,, = 10,000 (for a 10-model database),
k =10,and A = 10 (average value for images of “moderate” difficulty).

These values lead to the following absolute time estimates:

Averagecase: 2.9sec @)
Worst case: 250sec (8

Stated times are for ANSI C code running on a SUN UltraSPARC-2 workstation. The above
timing estimates were typical of those observed during system operation.
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Figure 19: Remote site, showing the robot, camera, and work area.

5.4 Application to Telerobotic System

In this section, we describe the application to a real working system, summarizing the results
of Lloyd et al.[31]. A version of the indexing and object recognition code was implemented
and used in a model-based tel erobotics experiment to perform robotic assembly-like tasks over
the Internet. The vision system was used both to determine object presence, and aso to pro-
vide accurate positional information, so that the robotic arm was able to “pick-and-place” the
recognized objects.

Model-based Teleroboticsisroboticsthat allowsauser to manipul ate objects at adistance, by
interacting with alocal graphical model of theremote site (Figure 19) rather than with theremote
siteitself. Inour implementation, thelocal model (see Figure 20) isinitialized and updated by the
indexing and recognition system at the remote site. The model consists mainly of a 3D graphical
representation of certain ssimple objects (wooden blocks) that areto be grasped by the robot arm.
The positions and orientations of the objectsrelative to the camera and robot arm are accurately
depicted. Notethat, having the recognition system send only the coordinates of pertinent objects
rather than entire video frames from the remote site has the potential to dramatically reduce the
bandwidth required for the remote communication.

The local operator performs operations such as clicking on a particular object, moving the
graphical object around the model workspace with asimulated robot arm and, once satisfied with
the final positioning, sending a verification signal to the remote site causing the robot to phys-
ically perform the move. (Of course, the automatic handling of these high-level commands by
the remote site requires some involved calculations, made possible by the use of the Robotic
Control C Library (RCCL) [32].)

The implementation of the vision system required about 5 seconds per frame for recogni-
tion (SGI Indy workstation). This included afast software version of the Canny edge detector
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Figure 20: Screen image at operator site. Left window: Cameraimage window. Upper right window: Feedback
model window, showing the latest model of the remote site, as given by the vision module. Lower right window:
Object manipulation window. Thisis periodicaly initiadized to the state of the feedback model window, but then
is changed according to operator interactions.

[33], which took 2-3 seconds per frame, and which could easily be accelerated by the use of
specialized hardware. The camera position relative to the workspace was calibrated by having
the operator manually identify workspace features of known position within the cameraimage.
Because the pose is far more precise in the directions paralléel to the image plane than towards
and away from the camera, accuracy in the latter wasimproved using the constraint that objects
close to the table top must in fact lie on the workspace surface. To give some idea of the preci-
sion required for the pose, the camerawas at a distance of roughly 1 mfrom the work space, and
the gripper had a clearance of only about 0.5 cm on each side of a block.

A second problem was that of false positives, in part dueto the simplicity of the object mod-
els. Asnoted previoudy, amore sophisticated verification procedure would be an important ad-
dition to the system, but for this demonstration extra constraints were used instead: verified ob-
ject instances outside the physical range of the robotic arm were removed from consideration.
Full details of results are availablein Lloyd et al.[31].

6 Conclusion

We have presented a method of indexing 3D objects from single 2D images. It isnovel in that
it does not rely on invariant features, but instead uses stored samples of the distributionsin fea-
ture space to form smooth probability estimates that a given shape corresponds to a particular
database object. We presented experimentswhich showed that ranking hypotheses based on our
estimates drastically reduces the number of verifications required. The efficient approximate
nearest-neighbour search algorithm we apply to the kd-tree index structure keeps indexing effi-
cient to higher dimensionalities than other approaches. Thisalowsfor the use of more complex
groupings, which meansthat the system scaleswell with the number of stored models. |mportant
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future work includes extending the repertoire of feature groupings, and incorporating an effec-
tive way to collect probability information from large sets of real images for inclusion into the
index.
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