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Abstract we will show that the matching technique can not only
handle the standard controlled settings for recognition
&nd view registration, but can also handle much more

In this paper, we report on recent extensions to a surfac X . .
matching algorithm based on local 3-D signatures. ThisChallenging cases such as data sets with large resolution
variation, efficient processing of large data sets, clutter

algorithm was previously shown to be effective in view'® tion'f ition in | d i
registration of general surfaces and in object recogni- Fe/€CiON Tor recognition in large SCenes, and recognition

tion from 3-D model data bases. We describe extension& Scenes with a high-level of confusion.

to the basic matching algorithm which will enable it to Let us first briefly recall our basic approach to surface
address several challenging, and often overlookedmatching. A. Johnson proposed in [13][14] an approach
problems encountered with real data. based on the computation of local surface signatures

First, we describe extensions that allow us to deal with%’i‘”ed spin—itmg%es. The Signatgre of "?‘N?ive” basis [:t)oint
data sets with large variations in resolution and with © 'S comptj e q g?evetry prt(\),\llecd'.”g po '”Ia supdport
large data sets for which computational efficiency is af®9!0n centerea at onto a two-dimensional coordinate

major issue. The applicability of the enhanced matchin ?/stem defcij”.teddb)t/ the tdis#]ance ot It? th% ta;]ngtent
algorithm is illustrated by an example application: the P/an€,B, and its distance to the normal lire, By histo-

construction of large terrain maps and the construction 9ramming the values af and( computed in the sup-
of accurate 3-D models from unregistered views. port region, we obtain a two-dimensional image which
is used as the signature Bt Those signatures can be

Second, we describe extensions that facilitate the use &hown to be invariant to rigid transformations, resistant
3-D object recognition in cases in which the scene conto occlusion and clutter, and easily computable from 3-
tains a large amount of clutter (e.g., the object occupiesD data sets with minimal requirements on the underly-
1% of the scene) and in which the scene presents a higing shapes and the connectivity of the surfaces. In the
degree of confusion (e.g., the model shape is close teest of the paper, we will use the expressions “surface
other shapes in the scene.) Those last two extensionsignatures” and “spin images” interchangeably.

involve learning recognition strategies from the descrip- . .

Matching two surfaces (from two views, or from a

tion of the model and from the performance of the recog . .
nition algorithm using Bayesian and memory-basedCd€! object and an observed surface) proceeds by first
learning techniques, respectively. finding points on the two surface with similar signatures
and by extracting a set of geometrically consistent
1. Introduction matches from those initial matches. The similarity
between signatures is computed from the correlation
In 3-D object recognition and 3-D view registration, between the signatures. It can be shown that the signa-

shape representations are used to collate the informatidiires are discriminating enough to find a good set of ini-
conveyed by sensed surface points so that surfaces céigl matches, even with a high degree of clutter. Analysis
be matched efficiently. For object recognition, any shapeand results for the basic signature-based matching algo-
representation used in realistic settings must represefithms for view registration and object recognition can

general shapes, be robust to clutter and occlusion, ane found in [18] and [17], respectively. Applications to
be efficient. industrial object recognition and to indoor mapping are

o . . . e reported in [16] and [4]. Those results show that the
Satisfying those requirements is notoriously difficult. 3pnroach matching of general surfaces without segmen-
Many approaches have been proposed in the past (€.gation or feature extraction, and without any prior

[1][9][24][25], as a small sample); for each of them l§nowledge of pose information.
results are presented in controlled data, leaving many o

the challenges faced in practical applications of thosé3ased on those initial results, we have explored ways to
techniques unanswered. For example, many matchingnhance the algorithm to make it more better suited to
techniques cannot be scaled to very large data withougractical applications. First, because the signature com-
combinatorial explosion; similarly,” many matching putation works directly on point sets, it is potentially

techniques cannot handle scenes with large degree §ensitive to variation in data resolution. For example, if
clutter. the distribution of points varies differently on one sur-

In this paper, we attempt to address some of the chal
lenges met in practical applications through recent
extensions and example applications of our approach to
surface matching. Through those extensions and results,

1. An oriented point is specified by a 3-D location
and an orientation and typically corresponds to a
surface point and its normal.



face than on the other, the signatures may be substamion, the fundamental problem is to automatically mod-
tially different. Our initial technique addressed this ify the model, or the parameters of the recognition
problem by resampling the data. We described a moralgorithm, such that the parts of the model that are most
principled and effective approach in Section 2.1. discriminating to the other objects are used in priority.
We propose #earning techniqudor enhancing the per-
formance of the object recognition algorithm and show
preliminary results in Section 3.2. Interestingly, stan-
dard learning techniques can be used in this case
because we use image-like signatures rather than struc-
tural descriptors. Such use of learning techniques in 3-D
recognition is a new a promising direction of research.

2. Surface Matching with Large Data Sets

2.1. Variable Data Resolution

In the representation described thus far, the signature
| q images are computed by histogramming the vertices of
the model or scene meshes. As a result, the distribution
of the vertices on the mesh directly affects the spin-
images. In fact, two meshes with different vertex distri-
Figure 1. The signature at poiftis computed by recordingbutions may generate very different signatures at the
the distance of all nearby pointfrom the surface normalsame basis point. Therefore, in order for the surface
n (a) and the distance fromx to p along n (B). matching algorithm to work properly, some constraint
Corresponding points from different views have simildas to be enforced on the distribution of vertices on the
signatures. meshes. Specifically, it can be shown that the spin-
images remain stable as long as the vertices are uni-

: ; ; - ormly distributed on the surface. In all the results pre-
A seco_nd||ssue is the C%St of computing the S|gnatqresf enteyd thus far, a decimation algorithm was appligd to
In particular, becausde t eh sblgn_ature_ IS c_ompute? mb %II the meshes prior to matching in order to enforce this
support region around each basis point, itis critical to euniformity constraint. The decimation algorithm is
able to visit the points in this support region without vis- escribed in detail in '[15]
iting the entire data set, a critical issue in the case 01‘j :
arge data sets. We show in Section 2.2.how the sign oug is approach works well in practice, it has
I dat ts. We sh Section 2.2.how th aAlthough this app h k Il'in pract t h
ures can be computed efficiently using standard geoseveral problems. First of all, there are cases in whic
t b ted eff tl tandard | probl First of all, th hich
metric data structures. the data simply cannot be made uniform without loosing
o a great deal information because the variation of resolu-
We show an example of application of those surface[ion in the input sensor data is too large. A typical exam-

matching techniques to the problemtefrain map con- ; : A ;
struction (Section 2.3.) which involves the registration 'ﬁ)'lﬁelssfr:;?)lrn gg,fg ?;?gsfrﬁgnma r];(imrI]V-?{ai (L(I)l?tli(cl)r;g ;{egﬁ)osré
of large terrain maps from airborne or ground range sen- 9

sors. Through this example, we show that the surfac
matching techniques can tolerate large variation of dat
resolution, that they can operate with the very large dat
sets that are typical of 100m+ terrain maps, and that the
can deal with unstructured terrain. In this example, we

address the worst case in which no prior knowledge o iltering algorithms do exist [11]. Finally, as a guiding

the relative poses between maps is known in advance. principle of this work, we attempt to make the matching
The last set of extensions is in the contexbbject rec-  algorithm as general as possible. In that respect, using
ognition While the basic performance of object recog- arbitrary mesh distributions is critical.

nition from model databases is reported extensively inThe solution to those problems is to compute the signa-

[17], we concentrate here on two cases in which objec{ ; . ;
o : : - ures by integrating over the entire surface rather than b
recognition becomes particularly challenging. First, we ompu%?ngagand Bgvalues at the vertices only. Essen-y

consider the cases in which the scene size is very largg ; sl . =S

compared to the model size. This occurs, for examyple i -a”%’ Eh's bl mtei]rpolat'glng th_l_ehspln-ln”nlagte value?
h S . A .' ’ *in between” the mesh vertices. e simplest way o

the task involves finding a single object in a large room chieving this is to raster scan each triangle of the mesh

environment. In that case, the problem becomes one di; -
o ' : (Figure 2) and to compute the () coordinates of each
fast clutter rejection in order to avoid unacceptable com oint inside the face. The corresponding spin-image

utational burden. We describe in Section 3.1. anP o
gpproach calle®-D shape cueindor fast filtering of entry is incremented by a constant amount for each new

clutter points and show preliminary restilts

The second situation to which we pay particular atten-.l' This t.OpiC Is inCIUd?d for completeness and to serve h‘?‘s an
tion is the case in which the model shape is very Sim"arjntroductlon to the topic of learning for 3-D shape recognition.
to the shape of other objects in the scene. In that sityal herefore, we limit ourselves to a summary of the key results

in that section. Additional results on cueing are reported in [5].

ange to quadratically decreasing resolution as the range
rom the sensor increases. Variations in data point spac-
g of as much as 1:10 are routinely observed on terrain
ata. The second problem is that the uniform decimation
equires on the same order of computation time as the
atching itself, even though much faster decimation and




point. This algorithm can be made efficient by using acorresponding to the cell (b).
fast geometric test in order to determine whether aface.l.his last step is illustrated geometrically in Figure 3

is inside the region of influence of the basis point and is(b) The reqi ; ;
L - . gion of 3D corresponding to the cellff) is
within the boundary of the spin-image space. an annulus of heighdB and thickness\a. The cell is

This approach is still an approximation because it uses ancremented by the surface area of the intersection
discrete sampling of the surface. In particular, althoughbetween the triangle and this annulus.

the signatures are less sensitive to the distribution 0f?aecause it uses the actual surface area for incrementing
vertices, they are still sensitive to the choice of the SaM3p & spinim lls. this algorithm comput n “exact’
pling rate used for interpolation. P age cells, this algorithm computes an "exac
mapping of the surface to the signatures, given a mesh
The second approach is exact in that it computes theliscretization of the surface. A systematic comparison
spin-images by integration over the whole surface with-of the discrete and continuous approaches remains to be
out additional sampling. In this approach, the boundarydone, but the benefits of interpolation over vertex map-
of each triangle is mapped into3-space, as shown in ping have been demonstrated. Figure 4 shows two
Figure 3 (a). Each edge of the face maps to a segment afieshes of an object at two different resolutions and dif-
hyperbola. The hyperbolic segments computed in thderent point distributions. Given a basis point, the region
projection are then used for determining which cells ofof influence of which is shown on the mesh, the signa-
the spin-image may contain some portion of the triangletures computed from the only vertices are quite different
Figure 3 (b) shows the portion of the spin-image thatas expected. However, the signatures computed using
contains a portion of the triangle based on the segmentsiterpolation are similar.
of Figure 3 (a). Finally, each cell in the spin-image is
incremented by the area of the part of the triangular face
that is mapped to that cell a3-space.
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Figure 2. Discrete vertex interpolation: each face is -‘h N
raster-scanned before mapping to spin-image. The ‘ - ) - )
sample points used for the scanning are shown in greenFigure 4. Comparison of the signatures at a basis point
in the neighborhood of the basis point shown in red. computed at different resolutions using the vertex and
The vertex-based signature for this point (top right) is interpolation methods.
degraded when compared with the corresponding face-jqy much more similar are the signatures computed
based signature (bottom right). using interpolation? A partial answer to that question is
shown in Figure 6. An object (a faucet) was discretized
at three different resolutions, denoted fdy r2, andr3
using the algorithm of [11], i.e., no attempt was made to
enforce uniformity of the point distribution. The number
of vertices on the three versions of the object is: 1585,
57, and 120, respectively. A set of pointg;} was
selected on the object independently of the discretiza-
tion and, for each basis point, the similarity of the signa-
turess(r, r', p;) was computed using different pairs of
‘ resolutions, r' = rl, r2, andr3. The similarity is com-
4 puted using the formula introduced in [14] and is close
(‘a)’ to zero for uncorrelated spin-images and has high values
for similar images. Figure 6. shows the histograms of
Figure 3. Continuous interpolation: each face is mappeds(rl, r2, g) ands(rl, r3, p) using the vertex method and
to o space by mapping its edges (a); cells inside thehe interpolation method. The histograms show a sub-
mapped region are incremented by the area of thé&tantial improvement in the similarity of signatures. In

intersection of the face and the volume in spaceparticular, most of the similarity valuer1, r3, g) are
so low that such a difference in resolution makes match-

ing impractical. Using the interpolation method, how-




ever, increases the similarity values to a level suitableseveral implementation of similar geometric data struc-
for matching. tures, the best design turned out to be a regular hierar-
chical data which is similar to octrees, except that,
because we are working with 2-D manifolds, the tree is
sparse and access can be efficiently implemented by a
fast hashing method. The graphs below illustrate the
improvement in signature computation speed obtained
using this technique.

Because of the overhead involved in computing the data
structure, and because of the overhead involved in com-
Figure 5. Test object for interpolation at three different puting the hashing function and retrieving points from
resolutions. the data structure, this technique is really beneficial only
for large data sets. In fact, the computation is slower for
data size of moderate size. The graphs show that the

crossover point is at approximately 8000 points
(Figure 7.) This technique should not be used for

without : smaller data sets.
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This experiment shows that, by performing integration AV
over the surface rather than resolution-dependent san 0.00
pling, the interpolation method permits the comparison .00 10.00 20.00 300

of surfaces at very different levels of resolution. Thanigure 7. Computation time as a function of the number

examples of Figure 4 and Figure 6 were obtained fro gf points without indexing data structure (red), and with
controlled experiments; the question of the effec'[lvenesmdexmg data structure (green). '

of surface interpolation in real applications will be
answered in the applications Section below. 2.3. Example Applications

2.2. Fast Access Data Structures

. Number Of Points x 1

In the previous sections, we demonstrated the perfor-
This part of the work addresses the practical use of th&hance of the algorithms enhancements for variable res-
Olution and large data sets on controlled test examples.

matching technigues, in particular using the more " . >
advanced surface integration, for the very large data setsn€ duestion of the effectiveness of the approach in

that one expects to encounter in applications such agractice still remains. An ideal for demonstrating the

building terrain models, or virtual models of large inte- 2/90rithm is the problem of building large, high-resolu-
rior environments. tion three-dimensional (3-D) representations of unstruc-

) ) . _ tured terrain using terrestrial range sensors
The main potential obstacle to the practical use of signa-_ ., . e .
this application, it is necessary to address the issues

ture techniques is that the computation of the signature f widely varying resolution, absence of reliable fea-

may become prohibitively expensive if the data set is
very large. In particular, the amount of computationt“res' and very large data sets. Furthermore, the data sets

needed from each face in order to compute the signaturd'€ ypically very large, thus demonstrating the use of
at a given basis point is much more sSbstantiaI tghan ipignature-based surface matching for large-scale prob-

the standard method. Therefore, it becomes particularl ms.
important that only the points that are inside the region
of influence of a basis point be used for computing the
corresponding signature. This amounts to designing a_ Terrestrial sensors operate over a range of meters to
data structure which enables fast access to selectgg|indreds of meters and are distinguished from object
regions of the cloud of points representing the surfacen, ,qejing sensors, which operate in a range of millime-

The standard approach to this type of problem is the USters to meters, and remote sensors, which operate at

of variants of the K-D tree structure designed for fast; - . .
access in multidimensional spaces. After evaluation otllometer range and higher. Terresrial range sensors can
e ground-based or airborne




In this applications, the map registration componentated by registering eleven individual maps obtained at 3
receives as input a pair of arbitrary polygonal surfaceto 5 meters interval (the ground truth poses were not
meshes, possibly containing holes and disconnectedsed in the registration.)

patches, and outputs the 6-DOF rigid-body transformln this example, the support region for computing the
that best aligns the two meshes. In order to fully exer-q;;r image signature is 5mx5m. The initial data size is
cise the surface matching capabilities, we do not assum 8M points for the BF2 data which is reduced to 15000
any prior knowledge of the transformation between 'nd"‘%o'r matching. For that data,'the variation of resolution

vidual maps. In a way, this is the testing the worst cas ; .
for the matching algorithm. Techniques for taking rom near to far range is greater than 1:10 due to the

advantage of prior knowledge of relative poses iSshallow incidence angle of the laser at long range.
described in [4]. In addition to ground-based data, the technique has been

In our experiments, we create meshes from real rang pplied to data from the CMU autonomous helicopter

: 1], collected both from local sites and from the
data obtained from two sensors, one ground-based a ’ ; ; : e
one aerial. The Ben Franklin 2 (BF2),ga scanning lase aughton crater in the Canadian Artic, with similar per-

" ormance. For reasons of space, the resulting images
?Qrgn%g%de&gﬂgﬁmﬁﬂiegrg?}{lsab(éﬁﬂqs;\'agﬂ?gn%nﬁvgﬁso cannot be included here, but sample results are available

; t [26]. Those results show that the matching technique
?argugdar\]/gr}'g]!faesc'ta%rgglijrcr:%s 8336?” dae?égi% Sb%f %02 (rj]fg,[reeéerforms well with large data sets and that it can tolerate
(Figgure 8)[12] 9 rge variations in resolution. Two issues that are critical

to the practical application of surface matching.

3. Object Recognition in Large and
Confusing Scenes

3.1. Shape Cueing

A major obstacle to the use of 3-D recognition tech-
nique in realistic settings is that the object to be recog-
nized occupies typically a fairly small portion of the
scene data. For example, if one were to try to recognize
. an object in a scan of an entire room, the size of the data
Figure 8. Example range (top) and reflectance (bottom)ge; actually measured on the object would only be a
images acquired with the BF2 laser range finder. small fraction of the total data size. For any recognition
The BF2 was set to generate range and reflectancalgorithm, this situation translates into spending most of
images of size 6000 x 300, corresponding to angular resthe time examining clutter points. Many algorithms may
olutions of 0.08 and 0.2 in the horizontal and vertical not even be able to work at all because of combinatorial
directions respectively. The initial data is subsampled byexplosion. It is therefore critical that efficient ways of
a factor of 5 horizontally and 3 vertically and then con- reducing the clutter be designed.

verted to a mesh. In our case, points are randomly selected in the scene as
Once a mesh is formed, it is simplified to a predeter-basis points for comparison with the basis points of the
mined number of faces using Garland’s simplificationmodel. An obvious enhancement to the matching algo-
algorithm [11]. A pair of simplified meshes is then pre- rithm would be a mechanism by which a large percent-
sented to the registration engine. spin-images are geneage of the points in the scene could be filtered out. We
ated for each point in one mesh and for a fixedcall this mechanism “cueing,” in that it suggests possible
percentage of points in the other. The signatures ar@reas of the scene where the object might be located.
computed using the discrete vertex interpolation tech-The matching engine can confirm or reject points in the
nique described above in order to eliminate the effect ofuggested areas. We briefly describe below the approach
resolution variation. Candidate correspondences arehosen to cueing.

found using the correlation-based similarity metric, andrpq approach chosen here is to combine all the spin

the best correspondences are grouped based on geom fages from the model into a combined model which

ric consistency. We then determine the rigid-body transz§an be quickly compared with each signature image

form th_?}}] best 3.|ijgr][5 Ehe cforrespondt;:r?ces frg])c_mdeac om the scene. This approach is similar to the generali-
group. The candidate transforms are then vVermed angaiion problems in machine learning. Specifically, the

ranked. We select the top match as our registration,eihod of naive Bayesian classification was chosen as a

result. Finally, we use high-resolution versions of the\,eang to determine which scene points have high proba-
surface meshes to refine our transform estimate using Bility of being on a model.

modified version of the ICP algorithm. After all pairs of
meshes in a sequence have been registered, they are
integrated into a single global map using a standard
voxel-based method.

Figure 10. shows an example of integrated map obtained
using the first data from the BF2 scanner. The environ-
ment is a slag heap near Pittsburgh. The map was cre-



of signatures on the model (shown on the left) is
summarized into a single classifier which is applied to
the signatures computed at the scene points.

Let X; be the spin image associated with pairih the
scene, and leti -~ A denote the hypothesis that
scene point lies on objecA. Then by Bayes rule,

P(X(|i ~ A)P(i ~ A)

P(X)

P(i - A|X,) =

To find scene points which have the highest probability
of belonging to a model, we need to find the MAP
hypothesesi — A ; that is, the pointvhich maximize
PO - AIX;C1 No data is known about the prior probabil-
ity that any particular point may be found on a model,
and no data is known a priori about the probability of a
particular spin imageX; occurring, so uniform distribu-
tions PO ~ A0 andPX,0 are assumed. This reduces

X1

classifier
}—» - D
X

X the problem to findingmax P(X[i - A) or the maxi-
. n . mum-likelihood hypothesis of —~'A  givex; over all

model signatures scene signature s Because of the computational cost of evaluating the
actual joint probability distribution between the spin

probability image bins, we assume conditional independence

] ] between the pixels irfX; , using the standard “naive
Figure 9. General approach to cueing: the complete set

87 meters

sJalvwW ZOT

Figure 10. Top view of the integrated terrain map for the eleven data sets in the mesa sequence (center). The
numbered insets illustrate individual data sets, and two sets (1 and 11) are overlaid on the top-view. The larger insets
show various perspective views of the map, and the white arrows indicate the location and direction of the viewpoint.
Grid lines are two-meters apart on the combined map and one meter apart on the individual data sets.



learning” approximation [8]; that is, iK;(a,8) denotes
the value of bina,p) irX;, then we assume

P(X[i = A) = []P(X(m, n]i — A)

where P(X(m, n|i — A) is the probability thax;(a,B)

for a given spinimagex;  will equal what it does given
that pointi is on modelA. This assumption of condi- -
tional independence of spin image pixels thus reduces

this method to naive Bayesian classification.

The distribution forPX:(a,B)li — AO is discretized into

bins, usually 10 or 20. During training, probabilities
PIX(a,B)li - ADare first estimated from the spin images
of scene points; for every model spin image , for

every pixel(a,) ,PIX(a,B)fi —~ AD is incremented, and Figyre 11.3-D cueing examples: the points retained as

at the end, eacRiX;(a,B)il —~ AO is divided by the num- part of the U-joint with high probability are shown as
ber of images that contributed to it. Then, at run time,qqts overlaid on the surfaces.

spin images are constructed for scene points, and the
above product estimatinBXi -~ AO is found by look-
ing up PX(a,B)li - AO for every pixel(a,p) in the
scene spin image. Those scene spin images with maxi-
mumPIX|i — AD are considered most likely to be mem-
bers of a model.

This method of point classification was first tested on
simple controlled scenes in which the model object is
combined with other objects in scenes of increasing
complexity. Figure 11. shows such an example using an
elbow joint as the model. The points selected by the
classifier are shown as dots overlaid on the data. Most of % o005 01 o0is_ 02 o055 03
the points are correctly selected on the object in this
example, even though the scene contains several othgsgyre 12. Cueing performance.

objects. The performance of the classifier is evaluated

by taking the ratio of the percentage of points correctly3.2. Learning for Clutter Rejection and
classified by the classifier to the percentage of the scen Cerriinat

that really consisted of model points. FormallyNg; is Model Discrimination
the number of model points in the scene according to,
ground truth,N, is the number of clutter points in the
sceneN'’, is the number of scene points that were clas-
sified as model points and actually were points on th
model, and\'.. is the number of scene points classified
as model points, but were really points lying somewher
on the clutter, then we define the performance of th
classifier by the ratio = p'/p, wherep’ = N'/(N'¢ +
N’ andp = N/(N. + Nyy). A large value for indicates

a reduction in the number of points that are considere
for matching. If the filtering were perfect, all the points
would lie on the model, therefore,= 1/p is the maxi-
mum value of.

This approach is particularly attractive for scenes in - ;
which the object model occupies a small fraction of theThe fundamental issue is that the parts of the data that

scene. We have tested the algorithms on scenes with Lﬁf‘n lead to confusion must be given a lower weight in
o : P e matching. The problem is that this extremely diffi-

to 99% clutter. The results are summarized in Figure 12 P ; ;

; : : : : . ~ctult to do manually, and it is next to impossible to do

in which the ratio of selected points r is plotted against_ o tically in the absence of any examble of “confus-

the ratio of model size vs. scene size, The results ing” scenesy y P

show that the classifier performed better than random"9 :

selection f = 1) in all cases, and often close to the opti- The alternative is to use a set of typical confusing scenes

mal ( = 1/p.) Obviously, the performance of the classi- to automatically train the recognition algorithm so that,

fier degrades in scenes containing multiple instances obnce it is trained, it is able to discard from future scenes

very similar surfaces. However, it never makes the ini-the potentially confusing parts. More precisely, given a

tial random selection worse, i.e; is always greater sceneS={p;} and a model M, we want to assign to each

thanp. point pi a weightw; which represent the degree to which

this point may be useful for matching. The policy by

P

tho prime/rho

nother obstacle to good performance of object recog-
nition in practice is the fact that many surfaces in the
cene may be similar to large portion of the model, thus
eading to high degree of confusion in the scene. Unless
extremely careful parameter adjustments are applied, a
ecognition program would typically be confused
ecause it has no way a-priori to know that some part of
the model can be easily confused with parts of the scene.
his issue is often overlooked in two ways. First, exam-
le scenes are often selected so that the model is not
very similar to objects in the background. Second, the
recognition program may be manually tuned so that the
model can still be discriminated reliably.



which thew;’s are assigned is learned from the perfor-In this formula,d is the distance in signature space. The
mance of the recognition algorithms on prior exampleweights are normalized to compensate for the variability
scenesy. in the density of examples in the signature space. Intu-

: : N itively, this formula says that signatures that have been
This_approach is actually a generalization of the ound to be confusing in the past are given a low weight.

approach taken o e 35 cueing In sueng, we K25t il woigh are then discarded whe compar
model a policy by which we assign a weight to points in ing the signatures for recognition. If one were to try to

g P : do manual adjustment of the parameters of the matching
the scene reflecting their likelihood of belonging to the gorithm, one would follow essentially the same steps:
B?sctlep:é:?owneaﬁ[:?gfnzh%ars:éc\;\gl]%iggﬁ%?g\gﬁtlﬁms based entify those pieces of surfaces that are confusing and

: set the appropriate threshold to discard them. The learn-

Because it is difficult to derive a probability distribu- ing algorithm does this automatically.
tions in signature space in general, we use a memory-
based learning approach to the traininq phasepp.&te
pointi of sceng of the training set and’ be its signa-
ture. We divide the set of points in the training scenes
into those that are correctly matched to points on the
models, the set of which is denoted tyfor “positive
examples”, and those that are incorrectly matched, the
set of which is denoted by for “negative examples”.
The - set is essentially the set of scene signatures that
can be easily confused with signatures on the model.

After collecting thet and - sets,w; is computed for a
new pointp;, from a new test scene, with signature si by
retrieving the signatures frorh and- that are closest to
s, the sets of which are denoted M (s) and V (s), . . .
respectively. The weight is then computed by: Figure 13. Example objects for learning from

iti les.
w=2 1/d(ss) - 2 1id(ss) recognition examples
snV*(s) sinV(s)

Figure 14.Enhancement of recognition performance in confusing scenes through learning (see text.)



An example illustrating the learning concept is shown inThe second difficulty is to retrievé” andV in an effi-
Figure 13. and Figure 14. Figure 13. shows the picturegient manner. We typically limit the size of thés to the

of several objects labeled A to D. Object A is used as thek nearest neighbors (k = 5 in the example shown here),
reference model against which the scene points arhich reduces the problem to finding the k-nearest
matched, the other objects are placed in the scene at raneighbor problem. This problem has been extensively
dom positions. The objects B to D are purposefully cho-studied in the field of memory-based learning and we
sen to be similar so as to create a large degree adire using the standard data structures for efficient data
confusion in the scene. In fact, A and B have mostly theaccess in memory-based learning. A related problem,
same shape (two bunnies!) except for a few areas (thalso typical of memory-based learning, is the issue of
ears and the front paws area.) Many of the surface on @ata accumulation. Unlike other learning schemes,
and D are also similar to large portion of A. In such anmemory-based learning keeps accumulating the training
extreme case, it would be near impossible to tweak alata, which may lead to unacceptable performance
recognition algorithm in order to reliably discriminate when the training set becomes very large. The solution
between the two objects. is to collapse similar observations, i.e. similar signatures

Figure 14. shows a sequence of scenes, each of which from the training set into single observations.
contains one instance of the model and copies of thg, Conclusion
other objects in random orientation. The scenes are

labelled 1 to 4 in order in which they are fed to the algo-\e have presented enhancements to a generic 3-D sur-
rithm. Starting with no information, i.e., using the face matching algorithms which directly address the
default matching parameters, the recognition gets congges of large data sets and confusing scenes. Those
fused on scene 1 and returns wrong matches. The modglsyes which are not normally addressed are critical
is displayed in wireframe in the poses found by the recpplying 3-D recognition techniques in practice. In the
ognition program and overlaid on the scene data disyrea of large data sets, we need to identify the limita-
played using shaded surfaces. tions of the algorithms. The example on terrain maps

Note that, in order to have a fair comparison, a fixedshows that it is possible to perform matching of large
threshold on recognition is used so that multiple recog-data sets. The limit beyond which matching is no longer
nized instances may be reported. Furthermore, no furpractical needs to be determined. In the area of “confus-
ther verification is applied to the reported matches. Thigng scenes”, the use of |learning techniques for dynamic

correctly simulates the situation in which the recogni-improvement of recognition performance is an exciting
tion program starts in a default configuration which is area of investigation. In particular, it may be practical to

updated after training.

use those techniques for adaptation of a recognition

. . . algorithm to different applications, i.e., to different
After placing the data from scene 1 in the training set,q|asses of scenes.

the recognition algorithm is exercised on scene 2, a new

scene. The algorithm still performs poorly because theAcknowledgements
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used for training as shown on the result of image 3. In

particular, bunny A is still confused with B. After three References

scenes are included in the training set, the aIgorithnc}
converges to a good policy for selecting the weights an 1]
the recognition is perfect as shown by the result on a
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