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Abstractl different shapes without regard to specific analytic

surface descriptions. For an object recognition sys-
We present a 3-D shape-based object recognition systertem to be widely applicable in the real world, the
for simultaneous recognition of multiple objects in shape representation it uses cannot be restrictive.

scenes containin.g clutter and occlusion_. Reco_gnition. isSome of the more successful object recognition
based on maiching surfaces by matching points usingsystems are designed to work on isolated and
the spin-image representation. The spin-image is a dataynoccluded objects (e.g., parametric appearance
level shape descriptor that is used to match surfaces [14], COSMOS [5]) This is a serious disadvan-
represented as surface meshes. Starting with the generaiage for these systems if the object is to be recog-
matching framework introduced earlier, we present a nized in real scenes, because real scenes contain
compression scheme for spin-images; this schemeclutter and occlusion. Consequently, any recogni-
results in efficient multiple object recognition which we tion system designed to work in the real world
verify with results showing the simultaneous recognition Must be robust to clutter and occlusion.

of multiple objects from a library of 20 models. In Qur final requirement, efficiency, can be divided
addition, we demonstrate the robust performance ofinto two related requirements. Object representa-
recognition in the presence of clutter and occlusion tions should enable efficient matching of surfaces
through analysis of recognition trials on 100 scenes. Wefrom multiple models, so that recognition occurs
address efficiency and genera“ty through two N a t|me|y fashion. Furthermore, the representa-

extensions to the basic matching scheme: fast filtering oftionsh should be eféicilent in slg[orage (ide." Cﬁmpac(tj),l
scene points and processing of general data sets. so that many models can be stored in the mode

library. Without efficiency, a recognition system

1. Introduction will not be able to recognize the multitude of
objects that exist in the real world.

In 3-D object recognition, shape representations

are used to collate the information conveyed by

sensed surface points so that surfaces can b

matched efficiently. For object recognition, the

. L algorithm was also introduced in [10] and initial
following criteria should be met for any shape rep- : : L ; i
resentation used in realistic settings; the representcSUlts for single object recognition and view reg

: jstration were described. This matching algorithm,
tation must represent general shapes, robust téummarized in Section 2., is the on?y a%proach
clutter and occlusion, and be efficient. that is able to compare, match, and register arbi-

In the past, the trend in object recognition has beerirary 3-D surfaces using point sets and meshes as
to restrict the class of objects that can be recogthe basic underlying representation. We present
nized so that efficient matching schemes can behere extensions to the original technique for han-
developed. (e.g., surface patches [6], super-quaddling large model libraries (Section 3.), rapid fil-
rics [17] and spherical representations [3]). How- tering of scene data for computational efficiency,
ever, the real world comprises objects of manyand using general point sets (Section 5.). We also
report on experimental evaluation of the perfor-
mance of the matching engine with respect to
occlusion and clutter (Section 4.). The basic
matching engine, together with the extensions,
constitute a general 3-D matching toolbox based
on a simple representation.

The approach taken in this paper is based on the
pin-image representation introduced in [10].
ased on this representation, a general matching
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2. Surface matching are constructed for every vertex in the surface
mesh.

Qghe support of a spin-image is the part of the sur-
ce of an object around the oriented point basis
gt can contribute points to spin-image generation.

representations because, given a sufficient numbdgiere are two parameters that control the spin-
of vertices, surface meshes can represent almo§@de support. The first parametsgpport dis-

any shape. This section provides the necessaFjfce 1, sets the maximum distance between the
background for understanding the rest of the papef'i€nted point and a point contributing to the spin-

more complete descriptions of spin-images and oJf"@ge. Support distance is analogous to window

surface matching algorithms are given in [9] [10]. thze? ;Tjgégr:%rﬁgllgtg Irlnn?ltt(;htll?g 'azg(laesl;agts&]edeﬁ%%m_

2.1. Spin-images normal of the oriented point basis and the normal
of points contributing to the spin-image. As shown
Oriented points, 3-D points with associated direcin Figure 3, by changing the support parameters,
tions, are used to create spin-images. We define apin-images can be smoothly transformed from
oriented point at a surface mesh vertex using the 3jobal to local representations. Spin-images of
D position of the vertex and surface normal at th&mall support are robust to clutter and occlusion,
vertex. The surface normal at a vertex is computegihile spin-images of large support are highly dis-
by fitting a plane to the points connected to the vereriminating.
tex by edges in the surface mesh. 2-D points sgin-image

An oriented point defines a partial, object-centered, P
coordinate system. Two cylindrical coordinates can
be defined with respect to an oriented point: the §
radial coordinaten, defined as the perpendicular
distance to the line through the surface normal, and
the elevation coordinat, defined as the signed
perpendicular distance to the tangent plane defined
by vertex normal and position. The cylindrical
angular coordinate is omitted because it cannot be
defined robustly and unambiguously on planar sur-
faces. ¢

Our object representation is composed of tw
parts: a polygonal mesh describing the shape of t
surface and a set of spin-images created from t
surface mesh. Surface meshes are general sh

2-D points spin-image

2-D points spin-image

n X

/5]

Figure 1. An oriented point basis defined at a Figure 2. Spin-images of large support for three
surface mesh vertex. oriented points on the surface of a rubber duckie

A two-dimensional signature, called a spin-imagem°de!

is created for an oriented point at a vertex in th&pin-images have some useful properties that dis-
surface mesh as follows. A 2-D accumulatortinguish them from other representations for 3-D
indexed bya andp is created. Next, the coordi- surface matching. Since spin-images are object
nates(a,) are computed for a vertex in the surfacecentered representations, they are invariant to rigid
mesh that is within the support of the spin-imageransformations. Consequently, comparison of
(explained below). The bin indexed fy,B) in the  spin-images can be used to establish point corre-
accumulator is then incremented, bilinear interpospondences between different views of the same
lation is used to smooth the contribution of the verobject. Spin-images can represent general shapes
tex. This procedure is repeated for all verticesecause they are constructed directly from polygo-
within the support of the spin-image. The resultinghal surface meshes without surface fitting (except
accumulator can be thought of as an image; daror surface normal). Finally, since spin-images are
areas in the image correspond to bins that contaifhage-based descriptions of 3-D shape, many of
many projected points. As long as the size of thene powerful tools available for 2-D image analysis
bins in the accumulator is set on order of thean also be used to analyze spin-images.

median distance between vertices in the mesh _ .

[10], the position of individual vertices will be 2.2. Surface matching engine

averaged out during spin-image generation.

) ) ) Two surfaces are matched as follows. Spin-images
Figure 2 shows the projectéd,p) coordinates and from points on one surface are compared by com-
spin-images for three oriented points on a rubbeputing the correlation coefficient with spin-images
duckie model. For surface matching, spin-images



from points on another surface; when two spinimodel and model vertex. After matching many
images are highly correlated, a point corresponscene spin-images to model spin-images, the point
dence between the surfaces is established. Poiodrrespondences are input into the surface match-
correspondences are then grouped and outliers arg engine described in Section 2.2.. The result is
eliminated using geometric consistency. Groups ofimultaneous recognition and localization of the
geometrically consistent correspondences are thenodels that exist in the scene.

used to calculate a rigid transformation that align
one surface with the other. After alignment, surfac
matches are verified using a modified iterative

closest point algorithm. Details of the surfacea,[ion on order of the relativel 2

- : : - y large (~200) num-
matching engine are given in [9]. ber of bins in a spin-image. Second, when a spin-
Various factors, including surface normal noise andmage is matched to the model library, it is corre-
the symmetry in spin-image generation, can caudated with all of the spin-images from all of the
the generation of similar spin-images for pointsmodels. This operation is linear in the number of
that should not be matched. It would appear thatertices in each model and linear in the number of
these factors would prevent the matching of surmodels. This linearly growth rate is unacceptable
faces using spin-images. However, a detailed analer recognition from large model libraries. Fortu-
ysis of spin-image matching and results on reahately, spin-images can be compressed to consider-
scenes have shown that spin-images maintain theably speed up matching.
descriptiveness even in the presence of large senSé)r . .
noise, clutter, occlusion, and local object3-1. Spin-image compression
symmetry [10].

grhis form of surface matching is inefficient for two
feasons. First, each spin-image comparison
requires a correlation of two spin-images, an oper-

Spin-images coming from the same surface can be
3. Object recognition correlated for two reasons: First, spin-images gen-

erated from oriented point bases that are close to
Surface matching using spin-images can beach other on the surface will be correlated. Sec-
extended to object recognition as follows. Eaclond, surface symmetry and the inherit symmetry of
model in the model library is represented as &pin-image generation will cause two oriented
polygonal mesh. Before recognition, the spin-point bases on equal but opposite sides of a plane
images for all vertices on all models are createdf symmetry to be correlated. Furthermore, sur-
and stored. At recognition time, a scene point igaces from different objects can be similar on the
selected and its spin-image is generated. Then thiical scale. Therefore, there can exist a correlation
spin-image is correlated with all of the spin-imagedetween spin-images of small support generated
from all of the models. The best matching modefor different objects.

spin-image will indicate both the best matChingThis correlation can be exploited to make spin-

image matching more efficient through image

compression. For compression, it is convenient to
think of spin-images as vectors in a D-dimensional
vector space where D is the number of pixels in the
spin-image. Correlation between spin-images
places the set of spin-images in a low dimensional
subspace of this D-dimensional space.

Model

Global
A ; A common technique for image compression in
As180° object recognition is principal component analysis
Dg=20 "q- (PCA) [14]. PCA or Karhunen-Loeve expansion
h [7] is a well known method for computing the
directions of greatest variance for a set of vectors.
. By computing the eigenvectors of the covariance
A=60° ,2:., matrix of the set of vectors, PCA determines an
D20 T orthogonal basis, called the eigenspace, in which to
- describe the vectors. PCA has become popular for
efficient comparison of images because it is opti-
' g A=180° D=5 @ mal in the correlation sense [7].
—rOe M = - PCA is used to compress the spin-images coming
Local [ A00" D=5 from all models simultaneously as follows. Sup-

Figure 3. How spin-image generation parameterspOSe the model library contaihkspin-images; of

localize spin-images to reduce the effect of scen%ﬁteelg' l|): "SFt;Ctg n;]acl)(ree tgﬁepgiagp%rdggggﬁga Cotr}?é
clutter and occlusion on matching. y 9



variance between spin-images, the mean of ajprojected onto the top library eigen-spin-images
spin-images X is subtracted from each spin-imageto get the scengtuple

< = X —X (1) To determine the best matching model spin-image
oo . to scene spin-image, tHe distance between the
resented as aBxN matrix, with each column of compressed model spin-images, finding closest
the matrix being a mean-subtracted spin-image  typles replaces correlating spin-images. Although
L R thel, distance between spin-images is not the same
s" = [xl X ... xN] (@) as t%e correlation coefficient used in spin-image
: .y : matching (correlation is really the normalized dot
Lg?rif%vair\'g?]cg of the spin-images is heD product of two vectors), it is still a good measure of
9 y the similarity of two spin-images.

c™ = g, (3) To find closest points, we use the efficient closest
The eigenvectors df are then computed by solv- point search structure proposed by Nene and
ing the eigenvector problem Nayar [15]. The efficiency of their data structure is
based on the assumption that one is interested only
Ale™ = cMe. (4) in the closest point, if it is less than a predeter-

mined distances from the query point. This
%ssumption is reasonable in the context of spin-
image matching, so we chose their data structure.
%urthermore, in our experimental comparison, we
; . m : found that using their data structure resulted in
Since the eigenvectors @ can be considered ,r4er of magnitude improvement in matching
spin-images, they are called eigen-spin-images. gpeed over matching using kd-trees or exhaustive

Next the model projection dimensios),is deter- search. The applicability of the algorithm to the
mined using a reconstruction metric that dependgroblem of matchingtuples is not surprising; the
on the needed fidelity in reconstruction and theauthors of the algorithm demonstrated its effective-
variance among images (see [10]). Every spinhess in the domain of appearance-based recogni-
image from each model is then projected onto théion [14], a domain that is similar to spin-image
s-dimensional subspace spanned bysthigenvec- matching. In out implementation, the search
tors of largest eigenvalue; the s-tuple of projectioparametee was automatically set to the average of

coefficients,p;, becomes the compressed represerhe closest distances between maselples. Set-
tation of the spin-image. ting € in this way balances the likelihood of finding

closest points against closest point lookup time.
A~ m~ m A~ m
P = (xjel,x-ez, ...,xjes) (5)

i Spin-image matching with compression is very
The amount of compression is defined€fp. The  similar to the recognition algorithm without com-
compressed representation of a model library hgsression. Before recognition, all of the model sur-
two components: the most significant eigenvec- face meshes are resampled to the same resolution
tors and the set of-tuples, one for each model to avoid scale problems when comparing spin-
spin-image. Since the similarity between images ismages from different models. Next, the spin-
determined by computing tHe distance between images for each model in the model library are
stuples, the amount of storage for spin-images andenerated, and the library eigen-spin-images are
the time required to compare them is reduced. = computed. The projection dimensianis then
. L determined for the library. Next, tisguples for the
3.2. Matching compressed spin-images spin-images in each model are computed by pro-

%encting model spin-images onto library eigen-spin-

Since the dimension of the spin-images is not to
large (~200), the standajatobi  algorithm from
Numerical Recipes in C [16] is used to determin
the eigenvectors™ and eigenvalugs of C™.

During object recognition, scene spin-images ar
matched to compressed model spin-images repr
sented as-tuples. Given the low dimension sf
tuples, it is possible to match spin-images in timéAt recognition time, a fraction of oriented points
that is sub-linear in the number of model spin-are selected at random from the scene. For each
images using efficient closest point search strucscene oriented point, a sceswuple is computed.
tures. The scene-+tuple is then used as a query point into

o the library efficient closest point search structure
To match a scene spin-image to a maxkeiple, a which returns a list of modeltuples close to the

scenes+tuple must be generated as follows. Firs%[ﬁi : -
L : enes-tuple. These point matches, which encode
the scene spin-image is generated. Next the me odel and model vertex, are then fed into the sur-

of the library spin-images is subtracted from th : - :
scene spin-image. Finally, the scene spin—imageqﬁg?d':gmhmg engine to find model/scene surface

ages. Finally, mode$tuples are stored in the
fficient closest point search structure.



3.3. Results ness of our algorithm in the presence of clutter and
occlusion.

To test our recognition system, we createdamod%tated succinctly, the experiment consists of

library containing twenty complete object models. e .
.acquiring many scene data sets, running our recog-

The models in the library are shown in Figure 4;%- ; .
y g ‘pition algorithms on the scenes, and then interac-

each was created by registering and integratir:)g I ; he cl d lusion i h
multiple range views of the objects. Next, cluttered’V€ly measuring the clutter and occlusion in eac
ene along with the recognition success or failure.

scenes were created by pushing gbjects into a pi , o . .
and acquiring a range image with ATKstructured = BY Plotting recognition success or failure against
(}_he amount of clutter or occlusion in the scene, the

light range finder. The scene data was then pr . .
cessed to remove faces on occluding edges, is ffect of clutter and occlusion on recognition can
e determined.

lated points, dangling edges and small patches.

This topological filter was followed by mesh

smoothing without shrinking and mesh simplifica- intensity image
tion [10] to change the scene data resolution t
that of the models in the model library.

Figure 5 shows the simultaneous recognition o
seven models from the library of twenty modelg
with a compression ratio /D = 0.1. In the top
right of the figure is shown the intensity image of]
the scene, and in the top left is shown the sce
intensity image with the position of recognized
models superimposed as white dots. In the middl
is shown a frontal 3-D view of the scene data,
shown as wireframe mesh, and then the same view
of the scene data with models superimposed as
shaded surfaces. The bottom shows a top view o
the scene and models. From the three views it is
clear that the models are closely packed a condition
which creates a cluttered scene with occlusions.

jr3ia
&
fogqu i BT

bunny

3-D front view

3-D top view

&

Figure 4.20 Models used for recognition.

Because spin-image matching has been designe
be resistant to clutter and occlusion, our algorithn
is able to recognize the seven most promine
objects in the scene with no incorrect recognitions

Some of the objects present were not recognized Scene Recognized Models

because insufficient surface data was present foFigure 5. Simultaneous recognition of 7 models
matching. Figure 6 shows the recognition of 6 from a library of 20 models in a cluttered scene.
objects in a similar format to Figure 5.

o 4.1. Experiments
4. Recognition in complex scenes

N ) . Recognition success or failure can be broken down
Any recognition algorithm designed for the realinto four possible recognition states. If the model
world must work in the presence of clutter andexists in the scene and is recognized by the algo-
occlusion. In Section 2.1., we claim that creatingithm, this is termed drue-positivestate. If the
spin-images of small support will make our repre-model does not exist in the scene, and the recogni-
sentation robust to clutter and occlusion. In thigion algorithm concludes that the model does exist
section, this claim is verified experimentally. Wein the scene or places the model in an entirely
have developed an experiment to test the effectivéncorrect position in the scene, this is termed a



false-positivestate. If the recognition algorithm scene, the user decides the recognition state; this
concludes that the model does not exist in the scerséate is then recorded with the computed clutter and
when it actually does exist in the scene, this i®cclusion. By executing many recognition trials
termed afalse-negativestate. Thetrue-negative using different models and many different scenes, a
state did not exist in our experiments because thdistribution of recognition state versus the amount
model being searched for was always present in thaf clutter and occlusion in the scene is generated.

scene. . . !
The occlusion of a model is defined as

model surface patch area 6)

total model surface area

Surface area for a mesh is calculated as the sum of the
areas of the faces making up the mesh. The clutter in the
scene is defined as

intensity image occlusion= 1-

clutter points in relevant volume @
total points in relevant volume

Clutter points are vertices in the scene surface
mesh that are not on the model surface patch. The
relevant volume is the union of the supports (Sec-
tion 2.1.) of all of the oriented points on the model
surface patch. If the relevant volume contains
points that are not on the model surface patch, then
these points will corrupt scene spin-images and are
considered clutter points.

We created 100 scenes for analysis as follows. We
selected four models from our library of models:
bunny, faucet, Mr. Potato Head and vy-split
(Figure 4). We then created 100 scenes using these
four models; each scene contained all four models.
The models were placed in the scenes without any
systematic method. It was our hope that random
placement would result in a uniform sampling of
all possible scenes containing the four objects.

clutter =

3-D front view

3-D top view

&

4.2. Analysis

For each model, we ran recognition without com-
pression on each of the 100 scenes, resulting in 400
recognition trials.The recognition states are shown
in a scatter plot in the top left of Figure 7. Each
data point in the plot corresponds to a single recog-
nition trial; the coordinates give the amount of clut-
. Scene Recognized Models ter and occlusion and the symbol describes the
Figure 6. Simultaneous recognition of 6 models recognition state. This same “procedure using the
from a library of 20 models in a cluttered scene. same 100 scenes was repeated for the matching
In our experiment for measuring the effect of clut-spin-images with compressios/p = 0.1) result-
ter and occlusion on recognitionezognition trial  ing in 400 different recognition runs. A scatter plot
consists of the following steps. First, a model isof recognition states for compressed spin-images is
placed in the scene with some other objects. Thghown at the bottom left of Figure 7. A brief exam-
other objects might occlude the model and willination of both scatter plots shows that the number
produce scene clutter. Next, the scene is image@f true-positive states is much larger than the num-
and the scene data is processed as described in Seer of false negative states and false-positive
tion 3.3. A recognition algorithm that matches thestates. Furthermore, as the lines in the scatter plots
model to the scene data Is applied and the result dfdicate, no recognition errors occur below a fixed
the algorithm is presented to the user. Using #vel of occlusion, independent of the amount of
graphical interface, the user then interactively segelutter.

ments the surface patch that belongs to the modg ;ining the scatter plots in Figure 7, one notices
from the rest of the surface data in the scene. Givefj 5 recognition rate is affected by occlusion. At

?(!(S:qu?gn aergtgttlj?gm’ amgalla cg?cr:}lsat:é ac;ué;erlaiz;l]r;?gw occlusion values, no recognition failures are
o y : P ported, while at high occlusion values, recogni-
below. By viewing the model superimposed on the

®



tion failures dominate. This indicates that recogniin all of the plots showing the effect of clutter and
tion will almost always work if sufficient model occlusion, the true-positive rates are higher for rec-
surface area is visible. The decrease in recognitiongnition with spin-images without compression
success after a fixed level of occlusion is reachedhen compared with the true-positive rates for rec-
(70%) indicates that spin-image matching does natgnition with compression. This validates the
work well when only a small portion of the model expected decrease in the accuracy of spin-image
is visible. This is no surprise since spin-imagematching when using compressed spin-images.
descriptiveness comes from accumulation of surHowever, it should be noted that the recognition
face area around a point. In the middle of Figure Tate for both matching algorithms remains high.
are shown the experimental recognition rates veror all levels of clutter and occlusion, matching
sus scene occlusion. The rates are computed usimgthout compression has an average recognition
a gaussian weighted running average to avoid theate of 90.0% and matching with compression has
problems with binning. These plots show that recan average recognition rate of 83.2%. Furthermore,
ognition rate remains high for both forms of com-the false-positives rates for both algorithms are low
pression until occlusion of around 70% is reachedand nearly the same. Our experiments show that
then the successful recognition rate begins to fathe decrease in recognition rate for matching with
off. compression is compensated for by an order of

Examining the experiment scatter plots in Figure 7[11agn|tude increase in matching speed [10]

one notices that the effect of clutter on recognitiors. Extensions

is uniform across all levels of occlusion until a high

level of clutter is reached. This indicates that spinTwo additional extensions to the basic are of par-
image matching is independent of the clutter in theicular interest. First, enhancements in computa-
scene. On the right in Figure 7, plots of recognitiortional efficiency are needed in order to be able to
rate versus amount of clutter also show that recogzope with very large data sets and complex scenes.
nition rate is fairly independent of clutter. As clut- In particular, it is often the case that the model
ter increases, there are slight variations about accupies only a tiny fraction of the observed scene,
fixed recognition rate. Most likely, these variationsin which case most of the matching is wasted filter-
are due to non-uniform sampling of recognitioning out points that are far from the model shape.
runs and are not actual trends with respect to cluBecond, the input data may not be have uniformly
ter. Above a high level of clutter, the successfuhigh density. There may be area of sparse data
recognitions decline, but from the scatter plots wanixed with areas of dense data in the scene. There
see that, at high levels of clutter, the number ofore, the matching algorithm must be designed to
experiments is small, so conclusions about recodiandle data sets as general as possible. Those
nition rate can not be made.
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Figure 7. Recognition states vs. clutter and occlusion for compressed and uncompressed spin-images (left)
Recognition state probability vs. occlusion for compressed and uncompressed spin-images (middle).
Recognition state probability vs. clutter (right).



enhancements are described in detail in the ne@ecause of this, we assume conditional indepen-

two sections. dence between the pixelsXn[4]; that is, if X;(a,B)

. denotes the value of bina,p) iXj, then we
5.1. Cueing assume
In the matching approach described so far, points POX[i = A) = TTPOS(m, nji ~ A)

are randomly selected in the scene as basis points

for comparison with the basis points of the modelwhere p(x(m nji -~ A) is the probability that
This works well so long as the points are selecteck (a,8) for a given spin image; ~ will equal what it
using a uniform distribution. An undesirable resultdoes given that pointis on modeA. This assump-

of this approach is that, in scene in which theion of conditional independence of spin image
object of interest occupies only a small percentagpixels thus reduces this method to naive Bayesian
of the visible surface area, most of the scene pointdassification.

that are evaluated for matching are rejected. | S ) . .
other words, the matcher may spend a lot of tim&he distribution forPx(a )i -~ AC is discretized
testing points that are nowhere close to the objedft0 bins, usually 10 or 20. During training, proba-
of interest. An obvious enhancement to the matchRilities PO(aB)i ~ AD are first estimated from the
ing algorithm would be a mechanism by which aSPin images of scene points; for every model spin
large percentage of the points in the scene could B&age X; , for every pixela,p) P(@p)i ~AD s
filtered out. We call this mechanism “cueing,” in Ncremented, and at the end, e®cR(ap)i - A0 iS
that it suggests possible areas of the scene whefvided by the number of images that contributed
the object might be located. The matching engin& it. ~ Then, at run time, spin images are con-
can confirm or reject points in the suggested areastructed for scene points, and the above product
Matching can benefit from such a cueing mecha€Stimating Pl ~ AD is found by looking up

nism only if it is simple and fast compared with theP(@B)i ~ AD for every pixel(,g) in the scene
matching algorithm. spin image. Those scene spin images with maxi-

_ _ mum PIX|i -~ AO are considered most likely to be
The approach chosen here is to combine all thenembers of a model.

spin images from the model into a combined model , . . L
which can be quickly compared with each Sign:_Jl'hls method of point classification was tested on

ture image from the scene. This approach is simila3Ce€Ne images containing a variety of cluttered
to the generalization problems in machine learningScenes. Performance of the classifier is evaluated
Specifically, the method of naive Bayesian classifixY taking the ratio of the percentage of points cor-
cation was chosen as a means to determine Whiéactly classified by the classifier to the percentage

i i i i the scene that really consisted of model points.
?ncgggl'pomts have high probability of being on Egormally, if Ny, is the number of model points in

o _ . the scene according to ground truth,is the num-
Let X; be the spin image associated with poiimt  ber of clutter points in the scen¥,,, is the number
the scene, and let — A denote the hypothesisf scene points that were classified as model points
that scene poinitlies on objecA. Then by Bayes and actually were points on the model, amdis

rule, the number of scene points classified as model
_ P(X|i - A)P(i — A) points, but were really points lying somewhere on
P(i - A[X) = 7E8) the clutter, then we define the performance of the

classifier by the ratio = p’/p, wherep’ = N',/(N’,
To find scene points which have the highest proba+ N’';) andp = N/(N; + N,). A high value for
bility of belonging to a model, we need to find theindicates a reduction in the number of points that
MAP hypothesesi —~ A ; that is, the pointvhich  are considered for matching. If the filtering were
maximize PO — Ax,0. No data is known about theperfect, all the points would lie on the model,
prior probability that any particular poinimay be thereforer = 1/p is the maximum value af Fig-
found on a model, and no data is known a prioriire 8.shows the performance of the classifier on a
about the probability of a particular spin image test set of scenes. The results show that the classi-
occurring, so uniform distributions - AD  and fier performed better than random selectipr+(1)
Px0 are assumed. This reduces the problem tmn all cases, and often close to the optimal {/p.)
finding max P(X|i - A) or the maximum-likeli- Obviously, the performance of the classifier
hood hypothesis of - A giver, over &@l. It degrades in scenes containing multiple instances of
would not be feasible, however, to computevery similar surfaces. However, it never makes the
P(X|i -~ A) because two spin images taken frominitial random selection worse, i.e; is always
different points on the same object or differentgreater tharp. Figure 9. shows two examples of
objects almost never have exactly identical spibject cueing using an elbow joint as the model.
images; even spin images for corresponding point§he points selected by the classifier are shown as
will differ slightly from pixel to pixel, causing black dots. Most of the points are correctly selected
P(X|i ~A) to almost always evaluate to O0.on the object in this example.



of this work, we aim to make the matching algo-
rithm as general as possible. In that respect, using
arbitrary mesh distributions is critical.

20,

o

The solution to those problems is to compute the
signatures by integrating over the entire surface
rather than by computing andp values at the ver-
tices only. Essentially, this requires interpolating
the spin-image values “in between” the mesh verti-
ces. The simplest way of achieving this is to raster
scan each triangle of the mesh (Figure 10) and to

rho prime/rho
=)

o

0

b 005 o1 D18 02 025 03 compute thed,) coordinates of each point inside
_ ) the face. The corresponding spin-image entry is
Figure 8. Cueing performance. incremented by a constant amount for each new

point. This algorithm can be made efficient by
using a fast geometric test in order to determine
whether a face is inside the region of influence of
the basis point and is within the boundary of the
spin-image space.

a

Figure 9. Cueing examples.
5.2. Surface Interpolation

In the representation described thus far, the signa- _ . .
ture images are computed by histogramming th&igure 10. Discrete vertex interpolation: each face
vertices of the model or scene meshes. As a resuis, raster-scanned before mapping to spin-image.

the distribution of the vertices on the mesh directlyrhiS approach is still an approximation because it

affects the spin-images. In fact, two meshes with : : .
different vertex distributions may generate verygSes a discrete sampling of the surface. In particu

different signatures at the same basis point. Ther ar, although the signatures are less sensitive to the

fore, in order for the surface matching algorithm t 'itré?]léti'cog o?‘ftr\{g rggfns'|itnhe¥a?geu§gg fo?niilttle\;e Otlg_
work properly, some constraint has to be enforce on piing P

on the distribution of vertices on the meshes. Spe-"""
cifically, it can be shown that the spin-images

remain stable as long as the vertices are uniformly
distributed on the surface. In all the results pre-
sented thus far, a decimation algorithm was applied
to all the meshes prior to matching in order to

enforce this uniformity constraint. The decimation

algorithm is described in detail in [11].

Although this approach works well in practice, it
has several problems. First of all, there are cases in
which the data simply cannot be made uniform

without loosing a great deal information becaus%yI

the variation of resolution in the input sensor dat igure 11. Continuous interpolation: each faf:e is
is too large. A typical example is terrain data take apped taxp space by mapping its edges (a); cells

; : nside the mapped region are incremented by the
Ugnn;safr?mﬁighl-?ggggtigﬁ n:to(rz.loggerasnegnés ?cr) 83:[1- rea of the intersection of the face and the volume

dratically decreasing resolution as the range fror! SPace corresponding to the cell (b).

the sensor increases. Variations in data point spacthe second approach is exact in that it computes
ing of as much as 1:10 are routinely observed othe spin-images by integration over the whole sur-
terrain data. The second problem is that the uniface without additional sampling. In this approach,
form decimation requires on the same order ofhe boundary of each triangle is mapped mfs
computation time as the matching itself, everspace, as shown in Figure 11 (a). Each edge of the
though much faster decimation and filtering algoface maps to a segment of hyperbola. The hyper-
rithms do exist [8]. Finally, as a guiding principle bolic segments computed in the projection are then



used for determining which cells of the spin-image
may contain some portion of the triangle. Figure 11 high resolution low resolution
(b) shows the portion of the spin-image that con-
tains a portion of the triangle based on the seg-
ments of Figure 11 (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 cetifin
space.

This last step is illustrated geometrically in
Figure 11 (c). The region of 3D corresponding to
the cell @,B) is an annulus of heigif3 and thick-
nessAa. The cell is incremented by the surface
area of the intersection between the triangle and
this annulus. Calculating this intersection can be
made efficient by observing that the 2-D intersec-
tion a in a plane perpendicular to the surface nor-
mal at the basis point can be computed first. The

:/Cr;[%/al area used for histogram accumulation¥s  gjq, 16 12 Comparison of the signatures at a basis
o point computed at different resolutions using the
Because it uses the actual surface area for incrgertex and interpolation methods.
menting the spin-image cells, this algorithm com-
putes an “exact” mapping of the surface to the
signatures, given a mesh discretization of the sul
face. A systematic comparison of the discrete an
continuous approaches remains to be done, but tl
benefits of interpolation over vertex mapping hav
been demonstrated. Figure 12 shows two meshd&s
of an object at two different resolutions and differ-
ent point distributions. Given a basis point, theFigure 13. Test object for interpolation at three
region of influence of which is shown on the meshdifferent resolutions.
the signatures computed from the only vertices are
quite different as expected. However, the signa-
tures computed using interpolation are similar.

How much more similar are the signatures comwithout
puted using interpolation? A partial answer to thaiinterpolatiort.
guestion is shown in Figure 14. An object (a fau- ‘
cet) was discretized at three different resolutions, T ek
denoted byrl, r2, andr3 using the algorithm of s(r1, r2, p)

[8], i.e., no attempt was made to enforce uniformity
of the point distribution. The number of vertices onwith ‘ 1

vertices onl

interpolation

a

the three versions of the object is: 1585, 57, anghterpolatior. [ )

120, respectively. A set of pointg;f was selected i Y

on the object independently of the discretization : ﬂIWH e . 2 W
and, for each basis point, the similarity of the sig- N s’ T ke ¢ s’

naturess(r, r’, p;) was computed using different _ _ o

pairs of resolutions, r’ = r1,r2, andr3. The simi-  Figure 14. Histograms of similarity between
larity is computed using the formula introduced inmeshes at different resolutions with and without
[10] and is close to zero for uncorrelated SpianterpoIatlon.

images and has high values for similar images. Figrpis experiment shows that, by performing inte-
ure 14. shows the histogramssifl, r2, p) and  gration over the surface rather than resolution-
s(r1, r3, p) using the vertex method and the inter-jependent sampling, the interpolation method per-
polation method. The histograms show a substanyits the comparison of surfaces at very different
tial improvement in the similarity of signatures. Injeyels of resolution. The examples of Figure 12 and
particular, most of the similarity value&l, r3, B)  Figure 14 were obtained from controlied experi-
are so low that such a difference in resolutionnents: the question of the effectiveness of surface
makes matching impractical. Using the interpolajnterpolation remains. Figure 15 shows a matching
tion method, however, increases the similarity Va"example in which two large terrain maps are
ues to a level suitable for matching. matched and registered. The maps extend over
50m radially over a 180sector. The original was



computed from 300x600 images and simplified to plex Model Building IEEE/RSJ International
10,000 faces for the purpose of matching. In this Conference On Intelligent Robotic Systems
example, the mesh resolution in the simplified Vancouver. 1998. .

mesh varies from 9m to 2cm. Because of this larg]  H-: Dﬁ"".‘geltte’ M. Hebert arf‘d KH lkeuchi. A .
variation in the distribution of vertices, the surfaces 2Brveeracgbjrgcptr§easr(e)rétzi:tlggp%rtér?/irseig%g;agoga?_
could not be matched without using the interpola- tern Recognition (CVPR ‘93pp. 103-112,

tion algorithm. 1993.

[4] P. Domingos and M. Pazzani. Beyond indepen-
dence: Conditions for the optimality of the
simple Bayesian classifier. Proc. 13th Int'l
Conference of Machine Learning (pp. 105-

112). 1996.
[5] C.DoraiandA. Jain. COSMOS - A representation
Figure 15. Result of registering two surfaces with scheme for 3D free-form objecattern Anal-
uneven vertex distribution using the interpolation ysis and Machine Intelligenceol. 19, no. 10,
method. pp. 1115-1130, 1997.
[6] O. Faugeras and M. Hebert. The representation,
6. Conclusion recognition and locating of 3-D objectat’l.
Jour. Robotics Researctiol. 5, no. 3, pp. 27-
We have presented an algorithm for simultaneous 52, 1986. . .
shape-based recognition of multiple objects in clutf’/] K. Fukanagalntroduction to Statistical Pattern
tered scenes with occlusion. Because it is based RecognitionAcademic Press, New York, 1972.

i i ; M. Garland and P. S. Heckbert. Surface Simplifi-
the spin-image representation, our algorithm ca cation Using Quadric Error Metrics, SIG-

handle objects of general shape. A data level shape GRAPH 97
representation that places few restrictions on Obje%) A. Johnson and M. Hebert. Object recognition by
shape. Through compression of spin-images usin matching oriented point®roc. Computer

PCA, we have made the spin-image representation Vision and Pattern Recognition (CVPR ‘97),
efficient enough for recognition from large model pp. 684-689, May 1997.

libraries. We have shown experimentally, that thg10] A. JohnsonSpin-images: A Representation for 3-
spin-image representation is robust to clutter and D Surface MatchingPh.D. Thesis, The Robot-
occlusion. Through improvements and analysis, we ics Institute, Carnegie Mellon University,

have shown that the spin-image representation gﬁl] November 1997.

an appropriate representation for recognizin A'M]ggﬂssgs%ﬂ?tigﬂri %f%‘fg%‘éﬂ)ﬁ‘;go\%’gigﬂa'
objects in complicated real scenes. Graphics, Modeling, and Computer

We have presented two extensions to the basic Vision.1998.
matching approach. Cueing provides a simple antl2] ~A.Johnson, R. Hoffman, J. Osborn, M. Hebert. A
effective way to extract the most promising candi- System for Semi-Automated Modeling of Com-

: : P plex EnvironmentsProc. International Con-
date points for matching out of arbitrarily complex ference on Recent Advances in 3-D Digital

scenes. This extension permits the use of surface Imaging and ModelingOttawa, May 1997.

matching for large model library and Compl‘?xr{13] Y. Lamdan and H. Wolfson. Geometric Hashing:
scenes. A second extension, vertex interpolation, a general and efficient model-based recognition

eliminates additional constraints on the input data. schemeProc. Second Int’| Conf. Computer

It permits surface matching and recognition even in Vision (ICCV ‘88) pp. 238-249, 1988.

cases when the distribution of the data points ofl4] H.Murase and S. Nayar. Visual learning and rec-
the surfaces is uneven and in cases in which mod- ognition of 3-D objects from appearant’|

els and scenes are represented by point sets of syp-, _ Jour. Computer Visignvol. 14, pp. 5-24, 1995.
stantially different distributions. LfPS] S. Nene and S Nayar. Closest point search in high

dimensionsProc. Computer Vision and Pat-

Together, the surface matching engine and its tern RecognitiofCVPR ‘96), 1996.
extensions provide a toolbox of techniques directly16] W. Press, S. Teukolsky, W. Vetterling and B.
applicable to a number of problems. Examples of Flannery.Numerical Recipes in C: The Art of

Scientific Computing, 2nd E@ambridge Uni-
versity Press, Cambridge, UK, 1992.

N. Raja and A. Jain. Recognizing geons from
superquadrics fitted to range ddtaage and

applications to object recognition of the surface
matching engine can be found in [12]; applicationﬁ?]
to mapping can be found in [2].
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