
Abstract1

We present a 3-D shape-based object recognition system
for simultaneous recognition of multiple objects in
scenes containing clutter and occlusion. Recognition is
based on matching surfaces by matching points using
the spin-image representation. The spin-image is a data
level shape descriptor that is used to match surfaces
represented as surface meshes. Starting with the general
matching framework introduced earlier, we present a
compression scheme for spin-images; this scheme
results in efficient multiple object recognition which we
verify with results showing the simultaneous recognition
of multiple objects from a library of 20 models. In
addition, we demonstrate the robust performance of
recognition in the presence of clutter and occlusion
through analysis of recognition trials on 100 scenes. We
address efficiency and generality through two
extensions to the basic matching scheme: fast filtering of
scene points and processing of general data sets.

1. Introduction

In 3-D object recognition, shape representations
are used to collate the information conveyed by
sensed surface points so that surfaces can be
matched efficiently. For object recognition, the
following criteria should be met for any shape rep-
resentation used in realistic settings; the represen-
tation must represent general shapes, robust to
clutter and occlusion, and be efficient.

In the past, the trend in object recognition has been
to restrict the class of objects that can be recog-
nized so that efficient matching schemes can be
developed. (e.g., surface patches [6], super-quad-
rics [17] and spherical representations [3]). How-
ever, the real world comprises objects of many

different shapes without regard to specific analytic
surface descriptions. For an object recognition sys-
tem to be widely applicable in the real world, the
shape representation it uses cannot be restrictive.

Some of the more successful object recognition
systems are designed to work on isolated and
unoccluded objects (e.g., parametric appearance
[14], COSMOS [5]) This is a serious disadvan-
tage for these systems if the object is to be recog-
nized in real scenes, because real scenes contain
clutter and occlusion. Consequently, any recogni-
tion system designed to work in the real world
must be robust to clutter and occlusion.

Our final requirement, efficiency, can be divided
into two related requirements. Object representa-
tions should enable efficient matching of surfaces
from multiple models, so that recognition occurs
in a timely fashion. Furthermore, the representa-
tions should be efficient in storage (i.e., compact),
so that many models can be stored in the model
library. Without efficiency, a recognition system
will not be able to recognize the multitude of
objects that exist in the real world.

The approach taken in this paper is based on the
spin-image representation introduced in [10].
Based on this representation, a general matching
algorithm was also introduced in [10] and initial
results for single object recognition and view reg-
istration were described. This matching algorithm,
summarized in Section 2., is the only approach
that is able to compare, match, and register arbi-
trary 3-D surfaces using point sets and meshes as
the basic underlying representation. We present
here extensions to the original technique for han-
dling large model libraries (Section 3.), rapid fil-
tering of scene data for computational efficiency,
and 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.
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2. Surface matching

Our object representation is composed of two
parts: a polygonal mesh describing the shape of the
surface and a set of spin-images created from the
surface mesh. Surface meshes are general shape
representations because, given a sufficient number
of vertices, surface meshes can represent almost
any shape. This section provides the necessary
background for understanding the rest of the paper;
more complete descriptions of spin-images and our
surface matching algorithms are given in [9] [10]. 

2.1. Spin-images

Oriented points, 3-D points with associated direc-
tions, are used to create spin-images. We define an
oriented point at a surface mesh vertex using the 3-
D position of the vertex and surface normal at the
vertex. The surface normal at a vertex is computed
by fitting a plane to the points connected to the ver-
tex by edges in the surface mesh. 

An oriented point defines a partial, object-centered,
coordinate system. Two cylindrical coordinates can
be defined with respect to an oriented point: the
radial coordinate α, defined as the perpendicular
distance to the line through the surface normal, and
the elevation coordinate β, 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.

A two-dimensional signature, called a spin-image,
is created for an oriented point at a vertex in the
surface mesh as follows. A 2-D accumulator
indexed by α and β is created. Next, the coordi-
nates (α,β) are computed for a vertex in the surface
mesh that is within the support of the spin-image
(explained below). The bin indexed by (α,β) in the
accumulator is then incremented; bilinear interpo-
lation is used to smooth the contribution of the ver-
tex. This procedure is repeated for all vertices
within the support of the spin-image. The resulting
accumulator can be thought of as an image; dark
areas in the image correspond to bins that contain
many projected points. As long as the size of the
bins in the accumulator is set on order of the
median distance between vertices in the mesh
[10], the position of individual vertices will be
averaged out during spin-image generation.

Figure 2 shows the projected (α,β) coordinates and
spin-images for three oriented points on a rubber
duckie model. For surface matching, spin-images

are constructed for every vertex in the surface
mesh. 

The support of a spin-image is the part of the sur-
face of an object around the oriented point basis
that can contribute points to spin-image generation.
There are two parameters that control the spin-
image support. The first parameter, support dis-
tance Ds, sets the maximum distance between the
oriented point and a point contributing to the spin-
image. Support distance is analogous to window
size in 2-D template matching. The second param-
eter, support angle As, limits the angle between the
normal of the oriented point basis and the normal
of points contributing to the spin-image. As shown
in Figure 3, by changing the support parameters,
spin-images can be smoothly transformed from
global to local representations. Spin-images of
small support are robust to clutter and occlusion,
while spin-images of large support are highly dis-
criminating. 

Spin-images have some useful properties that dis-
tinguish them from other representations for 3-D
surface matching. Since spin-images are object
centered representations, they are invariant to rigid
transformations. Consequently, comparison of
spin-images can be used to establish point corre-
spondences between different views of the same
object. Spin-images can represent general shapes
because they are constructed directly from polygo-
nal surface meshes without surface fitting (except
for surface normal). Finally, since spin-images are
image-based descriptions of 3-D shape, many of
the powerful tools available for 2-D image analysis
can also be used to analyze spin-images.

2.2. Surface matching engine

Two surfaces are matched as follows. Spin-images
from points on one surface are compared by com-
puting the correlation coefficient with spin-images
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Figure 1. An oriented point basis defined at a
surface mesh vertex.

Figure 2. Spin-images of large support for three
oriented points on the surface of a rubber duckie
model.
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from points on another surface; when two spin-
images are highly correlated, a point correspon-
dence between the surfaces is established. Point
correspondences are then grouped and outliers are
eliminated using geometric consistency. Groups of
geometrically consistent correspondences are then
used to calculate a rigid transformation that aligns
one surface with the other. After alignment, surface
matches are verified using a modified iterative
closest point algorithm. Details of the surface
matching engine are given in [9].

Various factors, including surface normal noise and
the symmetry in spin-image generation, can cause
the generation of similar spin-images for points
that should not be matched. It would appear that
these factors would prevent the matching of sur-
faces using spin-images. However, a detailed anal-
ysis of spin-image matching and results on real
scenes have shown that spin-images maintain their
descriptiveness even in the presence of large sensor
noise, clutter, occlusion, and local object
symmetry [10]. 

3. Object recognition

Surface matching using spin-images can be
extended to object recognition as follows. Each
model in the model library is represented as a
polygonal mesh. Before recognition, the spin-
images for all vertices on all models are created
and stored. At recognition time, a scene point is
selected and its spin-image is generated. Then that
spin-image is correlated with all of the spin-images
from all of the models. The best matching model
spin-image will indicate both the best matching

model and model vertex. After matching many
scene spin-images to model spin-images, the point
correspondences are input into the surface match-
ing engine described in Section 2.2.. The result is
simultaneous recognition and localization of the
models that exist in the scene.

This form of surface matching is inefficient for two
reasons. First, each spin-image comparison
requires a correlation of two spin-images, an oper-
ation on order of the relatively large (~200) num-
ber of bins in a spin-image. Second, when a spin-
image is matched to the model library, it is corre-
lated with all of the spin-images from all of the
models. This operation is linear in the number of
vertices in each model and linear in the number of
models. This linearly growth rate is unacceptable
for recognition from large model libraries. Fortu-
nately, spin-images can be compressed to consider-
ably speed up matching.

3.1. Spin-image compression

Spin-images coming from the same surface can be
correlated for two reasons: First, spin-images gen-
erated from oriented point bases that are close to
each other on the surface will be correlated. Sec-
ond, surface symmetry and the inherit symmetry of
spin-image generation will cause two oriented
point bases on equal but opposite sides of a plane
of symmetry to be correlated. Furthermore, sur-
faces from different objects can be similar on the
local scale. Therefore, there can exist a correlation
between spin-images of small support generated
for different objects. 

This 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.

A common technique for image compression in
object recognition is principal component analysis
(PCA) [14]. PCA or Karhunen-Loeve expansion
[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
matrix of the set of vectors, PCA determines an
orthogonal basis, called the eigenspace, in which to
describe the vectors. PCA has become popular for
efficient comparison of images because it is opti-
mal in the correlation sense [7]. 

PCA is used to compress the spin-images coming
from all models simultaneously as follows. Sup-
pose the model library contains N spin-images xi of
size D. First, to make the principal directions com-
puted by PCA more effective for describing the

Figure 3. How spin-image generation parameters
localize spin-images to reduce the effect of scene
clutter and occlusion on matching. 
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variance between spin-images, the mean of all
spin-images X is subtracted from each spin-image.

(1)

The set of mean-subtracted spin-images can be rep-
resented as an DxN matrix, with each column of
the matrix being a mean-subtracted spin-image 

. (2)

The covariance of the spin-images is the DxD
matrix C given by 

. (3)
The eigenvectors of C are then computed by solv-
ing the eigenvector problem

. (4)

Since the dimension of the spin-images is not too
large (~200), the standard jacobi  algorithm from
Numerical Recipes in C [16] is used to determine
the eigenvectors  and eigenvalues  of Cm.
Since the eigenvectors of Cm can be considered
spin-images, they are called eigen-spin-images.

Next the model projection dimension, s, is deter-
mined using a reconstruction metric that depends
on the needed fidelity in reconstruction and the
variance among images (see [10]). Every spin-
image from each model is then projected onto the
s-dimensional subspace spanned by the s eigenvec-
tors of largest eigenvalue; the s-tuple of projection
coefficients, pj, becomes the compressed represen-
tation of the spin-image.

(5)

The amount of compression is defined by s/D. The
compressed representation of a model library has
two components: the s most significant eigenvec-
tors and the set of s-tuples, one for each model
spin-image. Since the similarity between images is
determined by computing the l2 distance between
s-tuples, the amount of storage for spin-images and
the time required to compare them is reduced. 

3.2. Matching compressed spin-images

During object recognition, scene spin-images are
matched to compressed model spin-images repre-
sented as s-tuples. Given the low dimension of s-
tuples, it is possible to match spin-images in time
that is sub-linear in the number of model spin-
images using efficient closest point search struc-
tures. 

To match a scene spin-image to a model s-tuple, a
scene s-tuple must be generated as follows. First
the scene spin-image is generated. Next the mean
of the library spin-images is subtracted from the
scene spin-image. Finally, the scene spin-image is

projected onto the top s library eigen-spin-images
to get the scene s-tuple 

To determine the best matching model spin-image
to scene spin-image, the l2 distance between the
scene and model tuples is used. When comparing
compressed model spin-images, finding closest s-
tuples replaces correlating spin-images. Although
the l2 distance between spin-images is not the same
as the correlation coefficient used in spin-image
matching (correlation is really the normalized dot
product of two vectors), it is still a good measure of
the similarity of two spin-images. 

To find closest points, we use the efficient closest
point search structure proposed by Nene and
Nayar [15]. The efficiency of their data structure is
based on the assumption that one is interested only
in the closest point, if it is less than a predeter-
mined distance ε from the query point. This
assumption is reasonable in the context of spin-
image matching, so we chose their data structure.
Furthermore, in our experimental comparison, we
found that using their data structure resulted in
order of magnitude improvement in matching
speed over matching using kd-trees or exhaustive
search. The applicability of the algorithm to the
problem of matching s-tuples is not surprising; the
authors of the algorithm demonstrated its effective-
ness in the domain of appearance-based recogni-
tion [14], a domain that is similar to spin-image
matching. In out implementation, the search
parameter ε was automatically set to the average of
the closest distances between model s-tuples. Set-
ting ε in this way balances the likelihood of finding
closest points against closest point lookup time. 

Spin-image matching with compression is very
similar to the recognition algorithm without com-
pression. Before recognition, all of the model sur-
face meshes are resampled to the same resolution
to avoid scale problems when comparing spin-
images from different models. Next, the spin-
images for each model in the model library are
generated, and the library eigen-spin-images are
computed. The projection dimension s is then
determined for the library. Next, the s-tuples for the
spin-images in each model are computed by pro-
jecting model spin-images onto library eigen-spin-
images. Finally, model s-tuples are stored in the
efficient closest point search structure. 

At recognition time, a fraction of oriented points
are selected at random from the scene. For each
scene oriented point, a scene s-tuple is computed.
The scene s-tuple is then used as a query point into
the library efficient closest point search structure
which returns a list of model s-tuples close to the
scene s-tuple. These point matches, which encode
model and model vertex, are then fed into the sur-
face matching engine to find model/scene surface
matches.
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3.3. Results

To test our recognition system, we created a model
library containing twenty complete object models.
The models in the library are shown in Figure 4;
each was created by registering and integrating
multiple range views of the objects. Next, cluttered
scenes were created by pushing objects into a pile
and acquiring a range image with a K2T structured
light range finder. The scene data was then pro-
cessed to remove faces on occluding edges, iso-
lated points, dangling edges and small patches.
This topological filter was followed by mesh
smoothing without shrinking and mesh simplifica-
tion [10] to change the scene data resolution to
that of the models in the model library. 

Figure 5 shows the simultaneous recognition of
seven models from the library of twenty models
with a compression ratio of s/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 scene
intensity image with the position of recognized
models superimposed as white dots. In the middle
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 of
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.       

Because spin-image matching has been designed to
be resistant to clutter and occlusion, our algorithm
is able to recognize the seven most prominent
objects in the scene with no incorrect recognitions.
Some of the objects present were not recognized
because insufficient surface data was present for
matching. Figure 6 shows the recognition of 6
objects in a similar format to Figure 5. 

4. Recognition in complex scenes

Any recognition algorithm designed for the real
world must work in the presence of clutter and
occlusion. In Section 2.1., we claim that creating
spin-images of small support will make our repre-
sentation robust to clutter and occlusion. In this
section, this claim is verified experimentally. We
have developed an experiment to test the effective-

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

Stated succinctly, the experiment consists of
acquiring many scene data sets, running our recog-
nition algorithms on the scenes, and then interac-
tively measuring the clutter and occlusion in each
scene along with the recognition success or failure.
By plotting recognition success or failure against
the amount of clutter or occlusion in the scene, the
effect of clutter and occlusion on recognition can
be determined.

 

4.1. Experiments

Recognition success or failure can be broken down
into four possible recognition states. If the model
exists in the scene and is recognized by the algo-
rithm, this is termed a true-positive state. If the
model does not exist in the scene, and the recogni-
tion algorithm concludes that the model does exist
in the scene or places the model in an entirely
incorrect position in the scene, this is termed a

Figure 4. 20 Models used for recognition.
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Mr. Potato Heady-splitbunny

Figure 5. Simultaneous recognition of 7 models
from a library of 20 models in a cluttered scene. 
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false-positive state. If the recognition algorithm
concludes that the model does not exist in the scene
when it actually does exist in the scene, this is
termed a false-negative state. The true-negative
state did not exist in our experiments because the
model being searched for was always present in the
scene.

In our experiment for measuring the effect of clut-
ter and occlusion on recognition, a recognition trial
consists of the following steps. First, a model is
placed in the scene with some other objects. The
other objects might occlude the model and will
produce scene clutter. Next, the scene is imaged
and the scene data is processed as described in Sec-
tion 3.3. A recognition algorithm that matches the
model to the scene data is applied and the result of
the algorithm is presented to the user. Using a
graphical interface, the user then interactively seg-
ments the surface patch that belongs to the model
from the rest of the surface data in the scene. Given
this segmentation, the amounts of clutter and
occlusion are automatically calculated as explained
below. By viewing the model superimposed on the

scene, the user decides the recognition state; this
state is then recorded with the computed clutter and
occlusion. By executing many recognition trials
using different models and many different scenes, a
distribution of recognition state versus the amount
of clutter and occlusion in the scene is generated. 

The occlusion of a model is defined as 

(6)

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

(7)

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 y-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.

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-
ter and occlusion and the symbol describes the
recognition state. This same procedure using the
same 100 scenes was repeated for the matching
spin-images with compression (s/D = 0.1) result-
ing in 400 different recognition runs. A scatter plot
of recognition states for compressed spin-images is
shown at the bottom left of Figure 7. A brief exam-
ination of both scatter plots shows that the number
of true-positive states is much larger than the num-
ber of false negative states and false-positive
states. Furthermore, as the lines in the scatter plots
indicate, no recognition errors occur below a fixed
level of occlusion, independent of the amount of
clutter.

Examining the scatter plots in Figure 7, one notices
that recognition rate is affected by occlusion. At
low occlusion values, no recognition failures are
reported, while at high occlusion values, recogni-

Figure 6. Simultaneous recognition of 6 models
from a library of 20 models in a cluttered scene.
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tion failures dominate. This indicates that recogni-
tion will almost always work if sufficient model
surface area is visible. The decrease in recognition
success after a fixed level of occlusion is reached
(70%) indicates that spin-image matching does not
work well when only a small portion of the model
is visible. This is no surprise since spin-image
descriptiveness comes from accumulation of sur-
face area around a point. In the middle of Figure 7
are shown the experimental recognition rates ver-
sus scene occlusion. The rates are computed using
a gaussian weighted running average to avoid the
problems with binning. These plots show that rec-
ognition rate remains high for both forms of com-
pression until occlusion of around 70% is reached,
then the successful recognition rate begins to fall
off. 

Examining the experiment scatter plots in Figure 7,
one notices that the effect of clutter on recognition
is uniform across all levels of occlusion until a high
level of clutter is reached. This indicates that spin-
image matching is independent of the clutter in the
scene. On the right in Figure 7, plots of recognition
rate versus amount of clutter also show that recog-
nition rate is fairly independent of clutter. As clut-
ter increases, there are slight variations about a
fixed recognition rate. Most likely, these variations
are due to non-uniform sampling of recognition
runs and are not actual trends with respect to clut-
ter. Above a high level of clutter, the successful
recognitions decline, but from the scatter plots we
see that, at high levels of clutter, the number of
experiments is small, so conclusions about recog-
nition rate can not be made.

In all of the plots showing the effect of clutter and
occlusion, the true-positive rates are higher for rec-
ognition with spin-images without compression
when compared with the true-positive rates for rec-
ognition with compression. This validates the
expected decrease in the accuracy of spin-image
matching when using compressed spin-images.
However, it should be noted that the recognition
rate for both matching algorithms remains high.
For all levels of clutter and occlusion, matching
without compression has an average recognition
rate of 90.0% and matching with compression has
an average recognition rate of 83.2%. Furthermore,
the false-positives rates for both algorithms are low
and nearly the same. Our experiments show that
the decrease in recognition rate for matching with
compression is compensated for by an order of
magnitude increase in matching speed [10].

5. Extensions

Two additional extensions to the basic are of par-
ticular interest. First, enhancements in computa-
tional efficiency are needed in order to be able to
cope with very large data sets and complex scenes.
In particular, it is often the case that the model
occupies only a tiny fraction of the observed scene,
in which case most of the matching is wasted filter-
ing out points that are far from the model shape.
Second, the input data may not be have uniformly
high density. There may be area of sparse data
mixed with areas of dense data in the scene. There
fore, the matching algorithm must be designed to
handle data sets as general as possible. Those
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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). 

50 60 70 80 90 100
% occlusion

0.0

0.2

0.4

0.6

0.8

1.0

re
co

gn
iti

on
 r

at
e

Recognition Rate vs. Occlusion
No Compression

true positive
false positive
false negative

50 60 70 80 90 100
% occlusion

0.0

0.2

0.4

0.6

0.8

1.0

re
co

gn
iti

on
 r

a
te

Recognition Rate vs. Occlusion
10:1 Compression

true positive
false positive
false negative

true positive
false positive
false negative

true positive
false positive
false negative

50 60 70 80 90 100
% occlusion

0

20

40

60

80

100

%
 c

lu
tte

r

Recognition Scatter
No Compression

true positive
false positive
false negative

50 60 70 80 90 100
% occlusion

0

20

40

60

80

100

%
 c

lu
tte

r

Recognition Scatter
No Compression

true positive
false positive
false negative



enhancements are described in detail in the next
two sections.

5.1. Cueing

In the matching approach described so far, points
are randomly selected in the scene as basis points
for comparison with the basis points of the model.
This works well so long as the points are selected
using a uniform distribution. An undesirable result
of this approach is that, in scene in which the
object of interest occupies only a small percentage
of the visible surface area, most of the scene points
that are evaluated for matching are rejected. In
other words, the matcher may spend a lot of time
testing points that are nowhere close to the object
of interest. An obvious enhancement to the match-
ing algorithm would be a mechanism by which a
large percentage of the points in the scene could be
filtered out. We call this mechanism “cueing,” in
that it suggests possible areas of the scene where
the object might be located. The matching engine
can confirm or reject points in the suggested areas.
Matching can benefit from such a cueing mecha-
nism only if it is simple and fast compared with the
matching algorithm. 

The approach chosen here is to combine all the
spin images from the model into a combined model
which can be quickly compared with each signa-
ture image from the scene. This approach is similar
to the generalization problems in machine learning.
Specifically, the method of naive Bayesian classifi-
cation was chosen as a means to determine which
scene points have high probability of being on a
model.

Let Xi be the spin image associated with point i in
the scene, and let  denote the hypothesis
that scene point i lies on object A.  Then by Bayes
rule,

To find scene points which have the highest proba-
bility of belonging to a model, we need to find the
MAP hypotheses ; that is, the point i which
maximize . No data is known about the
prior probability that any particular point i may be
found on a model, and no data is known a priori
about the probability of a particular spin image 
occurring, so uniform distributions  and

 are assumed. This reduces the problem to
finding  or the maximum-likeli-
hood hypothesis of  given  over all i’s. It
would not be feasible, however, to compute

 because two spin images taken from
different points on the same object or different
objects almost never have exactly identical spin
images; even spin images for corresponding points
will differ slightly from pixel to pixel, causing

 to almost always evaluate to 0.

Because of this, we assume conditional indepen-
dence between the pixels in Xi [4]; that is, if 
denotes the value of bin  in Xi, then we
assume 

where  is the probability that
 for a given spin image  will equal what it

does given that point i is on model A. This assump-
tion of conditional independence of spin image
pixels thus reduces this method to naive Bayesian
classification.

The distribution for  is discretized
into bins, usually 10 or 20. During training, proba-
bilities  are first estimated from the
spin images of scene points; for every model spin
image , for every pixel ,  is
incremented, and at the end, each  is
divided by the number of images that contributed
to it.   Then, at run time, spin images are con-
structed for scene points, and the above product
estimating  is found by looking up

 for every pixel  in the scene
spin image. Those scene spin images with maxi-
mum  are considered most likely to be
members of a model.

This method of point classification was tested on
scene images containing a variety of cluttered
scenes. Performance of the classifier is evaluated
by taking the ratio of the percentage of points cor-
rectly classified by the classifier to the percentage
of the scene that really consisted of model points.
Formally, if Nm is the number of model points in
the scene according to ground truth, Nc is the num-
ber of clutter points in the scene, N’m is the number
of scene points that were classified as model points
and actually were points on the model, and Nc is
the number of scene points classified as model
points, but were really points lying somewhere on
the clutter, then we define the performance of the
classifier by the ratio r = ρ’/ρ, where ρ’ = N’m/(N’c
+ N’m) and ρ = Nm/(Nc + Nm). A high value for r
indicates a reduction in the number of points that
are considered for matching. If the filtering were
perfect, all the points would lie on the model,
therefore, r = 1/ρ is the maximum value of r. Fig-
ure 8. shows the performance of the classifier on a
test set of scenes. The results show that the classi-
fier performed better than random selection (ρ = 1)
in all cases, and often close to the optimal (r = 1/ρ.)
Obviously, the performance of the classifier
degrades in scenes containing multiple instances of
very similar surfaces. However, it never makes the
initial random selection worse, i.e., ρ’ is always
greater than ρ. Figure 9. shows two examples of
object cueing using an elbow joint as the model.
The points selected by the classifier are shown as
black dots. Most of the points are correctly selected
on the object in this example. 
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Figure 8. Cueing performance.

Figure 9. Cueing examples.

5.2. Surface Interpolation

In the representation described thus far, the signa-
ture 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 distributions may generate very
different signatures at the same basis point. There-
fore, in order for the surface matching algorithm to
work properly, some constraint has to be enforced
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 because
the variation of resolution in the input sensor data
is too large. A typical example is terrain data taken
from a forward-looking sensor. The sensor data
varies from high-resolution at close range to qua-
dratically decreasing resolution as the range from
the sensor increases. Variations in data point spac-
ing of as much as 1:10 are routinely observed on
terrain data. The second problem is that the uni-
form decimation requires on the same order of
computation time as the matching itself, even
though much faster decimation and filtering algo-
rithms do exist [8]. Finally, as a guiding principle

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

The solution to those problems is to compute the
signatures by integrating over the entire surface
rather than by computing α and β 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
compute the (α,β) coordinates of each point inside
the face. The corresponding spin-image entry is
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. 

Figure 10. Discrete vertex interpolation: each face
is raster-scanned before mapping to spin-image.

This approach is still an approximation because it
uses a discrete sampling of the surface. In particu-
lar, although the signatures are less sensitive to the
distribution of vertices, they are still sensitive to
the choice of the sampling rate used for interpola-
tion.

Figure 11. Continuous interpolation: each face is
mapped to αβ space by mapping its edges (a); cells
inside the mapped region are incremented by the
area of the intersection of the face and the volume
in space corresponding to the cell (b).

 The second approach is exact in that it computes
the spin-images by integration over the whole sur-
face without additional sampling. In this approach,
the boundary of each triangle is mapped into αβ-
space, as shown in Figure 11 (a). Each edge of the
face maps to a segment of hyperbola. The hyper-
bolic segments computed in the projection are then

1/ρ

(a) (b)

∆α

∆β

n

u

(a) (b)



used for determining which cells of the spin-image
may contain some portion of the triangle. Figure 11
(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 cell in αβ-
space. 

This last step is illustrated geometrically in
Figure 11 (c). The region of 3D corresponding to
the cell (α,β) is an annulus of height ∆β and thick-
ness ∆α. 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
actual area used for histogram accumulation is A =
a/n.v.

Because it uses the actual surface area for incre-
menting the spin-image cells, this algorithm com-
putes an “exact” mapping of the surface to the
signatures, given a mesh discretization of the sur-
face. A systematic comparison of the discrete and
continuous approaches remains to be done, but the
benefits of interpolation over vertex mapping have
been demonstrated. Figure 12 shows two meshes
of an object at two different resolutions and differ-
ent point distributions. Given a basis point, the
region of influence of which is shown on the mesh,
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 com-
puted using interpolation? A partial answer to that
question is shown in Figure 14. An object (a fau-
cet) was discretized at three different resolutions,
denoted by r1, r2, and r3 using the algorithm of
[8], 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 points {pi} was selected
on the object independently of the discretization
and, for each basis point, the similarity of the sig-
natures s(r, r’, pi) was computed using different
pairs of resolutions r, r’  =  r1, r2, and r3. The simi-
larity is computed using the formula introduced in
[10] and is close to zero for uncorrelated spin-
images and has high values for similar images. Fig-
ure 14. shows the histograms of s(r1, r2, pi) and
s(r1, r3, pi) using the vertex method and the inter-
polation method. The histograms show a substan-
tial improvement in the similarity of signatures. In
particular, most of the similarity values s(r1, r3, pi)
are so low that such a difference in resolution
makes matching impractical. Using the interpola-
tion method, however, increases the similarity val-
ues to a level suitable for matching. 

Figure 12. Comparison of the signatures at a basis
point computed at different resolutions using the
vertex and interpolation methods.

Figure 13. Test object for interpolation at three
different resolutions.

Figure 14. Histograms of similarity between
meshes at different resolutions with and without
interpolation.

This experiment shows that, by performing inte-
gration over the surface rather than resolution-
dependent sampling, the interpolation method per-
mits the comparison of surfaces at very different
levels of resolution. The examples of Figure 12 and
Figure 14 were obtained from controlled experi-
ments; the question of the effectiveness of surface
interpolation remains. Figure 15 shows a matching
example in which two large terrain maps are
matched and registered. The maps extend over
50m radially over a 180o sector. The original was
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computed from 300x600 images and simplified to
10,000 faces for the purpose of matching. In this
example, the mesh resolution in the simplified
mesh varies from 9m to 2cm. Because of this large
variation in the distribution of vertices, the surfaces
could not be matched without using the interpola-
tion algorithm.

Figure 15. Result of registering two surfaces with
uneven vertex distribution using the interpolation
method.

6. Conclusion

We have presented an algorithm for simultaneous
shape-based recognition of multiple objects in clut-
tered scenes with occlusion. Because it is based on
the spin-image representation, our algorithm can
handle objects of general shape. A data level shape
representation that places few restrictions on object
shape. Through compression of spin-images using
PCA, we have made the spin-image representation
efficient enough for recognition from large model
libraries. We have shown experimentally, that the
spin-image representation is robust to clutter and
occlusion. Through improvements and analysis, we
have shown that the spin-image representation is
an appropriate representation for recognizing
objects in complicated real scenes.

We have presented two extensions to the basic
matching approach. Cueing provides a simple and
effective way to extract the most promising candi-
date points for matching out of arbitrarily complex
scenes. This extension permits the use of surface
matching for large model library and complex
scenes. A second extension, vertex interpolation,
eliminates additional constraints on the input data.
It permits surface matching and recognition even in
cases when the distribution of the data points on
the surfaces is uneven and in cases in which mod-
els and scenes are represented by point sets of sub-
stantially different distributions. 

Together, the surface matching engine and its
extensions provide a toolbox of techniques directly
applicable to a number of problems. Examples of
applications to object recognition of the surface
matching engine can be found in [12]; applications
to mapping can be found in [2].
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