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Abstract. Recognition of three dimensional (3D) objects in noisy and
cluttered scenesis a challenging problem in 3D computer vision. One
approach that has been successfulin past research is the regional shape
descriptor. In this paper, we intro duce two new regional shape descrip-
tors: 3D shape contexts and harmonic shape contexts. We evaluate the
performance of these descriptors on the task of recognizing vehicles in
range scansof scenesusing a database of 56 cars. We compare the two
novel descriptors to an existing descriptor, the spin image, showing that
the shape context based descriptors have a higher recognition rate on
noisy scenesand that 3D shape contexts outperform the others on clut-
tered scenes.

1 In tro duction

Recognition of three dimensional (3D) objects in noisy and cluttered scenesis a
challenging problem in 3D computer vision. Given a 3D point cloud producedby
a range scannerobserving a 3D scene(Fig. 1), the goal is to identify objects in
the scene(in this case,vehicles)by comparing them to a set of candidateobjects.
This problem is challenging for several reasons.First, in rangescans,much of the
target object is obscureddue to self-occlusion or is occluded by other objects.
Nearby objects can also act as background clutter, which can interfere with the
recognition process.Second,many classesof objects, for examplethe vehiclesin
our experiments, are very similar in shape and size.Third, range scannershave
limited spatial resolution; the surfaceis only sampledat discretepoints, and ¯ne
detail in the objects is usually lost or blurred. Finally, high-speedrangescanners
(e.g., °ash ladars) intro ducesigni¯cant noisein the rangemeasurement, making
it nearly impossibleto manually identify objects.

Object recognition in such a setting is interesting in its own right, but would
also be useful in applications such as scan registration [9][6] and robot local-
ization. The abilit y to recognizeobjects in 2 1/2-D imagessuch as range scans
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may also prove valuable in recognizing objects in 2D imageswhen somedepth
information can be inferred from cuessuch as shading or motion.

(a) (b)

Fig. 1. (a) An example of a cluttered scene containing trees, a house, the ground,
and a vehicle to be recognized. (b) A point cloud generated from a scan simulation of
the scene.Notice that the range shadow of the building occludes the front half of the
vehicle.

Many approaches to 3D object recognition have been put forth, including
generalizedcylinders [3], superquadrics [7], geons[23], medial axis representa-
tions [1], skeletons [4], shape distributions [19], and spherical harmonic repre-
sentations of global shape [8]. Many of thesemethods require that the target be
segmented from the background, which makes them di±cult to apply to real-
world 3D scenes.Furthermore, many global methods have di±cult y leveraging
subtle shape variations, especially with large parts of the shape missing from
the scene.At the other end of the spectrum, purely local descriptors, such as
surfacecurvature, are well-known for being unstable when facedwith noisy data.
Regional point descriptors lie midway betweenthe global and local approaches,
giving them the advantagesof both. This is the approach that we follow in this
paper.

Methods which use regional point descriptors have proven successfulin the
context of image-basedrecognition [17][15][2]as well as 3D recognition and sur-
facematching [22][13][5][21].A regionalpoint descriptor characterizessomeprop-
erty of the scenein a local support region surrounding a basispoint. In our case,
the descriptors characterize regional surfaceshape. Ideally, a descriptor should
be invariant to transformations of the target object (e.g., rotation and trans-
lation in 3D) and robust to noise and clutter. The descriptor for a basis point
located on the target object in the scenewill, therefore, be similar to the de-
scriptor for the corresponding point on a model of the target object. These
model descriptors can be stored in a pre-computed databaseand accessedusing
fast nearest-neighbor search methods such as locality-sensitive hashing[11]. The
limited support region of descriptors makes them robust to signi¯cant levels of
occlusion. Reliable recognition is made possibleby combining the results from
multiple basispoints distributed acrossthe scene.
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In this paper we make the following contributions: (1) we develop the 3D gen-
eralization of the 2D shape context descriptor, (2) we intro duce the harmonic
shape context descriptor, (3) we systematically comparethe performanceof the
3D shape context, harmonic shape context, and spin imagesin recognizingsim-
ilar objects in sceneswith noiseor clutter. We also brie°y examinethe trade-o®
of applying hashing techniques to speedsearch over a large set of objects.

The organization of the paper is as follows: in section 2, we intro duce the
3D shape context and harmonic shape context descriptors and review the spin
image descriptor. Section 3 describes the representativ e descriptor method for
aggregatingdistancesbetweenpoint descriptorsto givean overall matching score
betweena query sceneand model. Our data set is intro duced in section 4, and
our experiments and results are presented in section 5. We ¯nish in section 6
with a brief analysis of a method for speedingour matching process.

2 Descriptors

In this section,we provide the details of the new 3D shape context and harmonic
shapecontext descriptorsand review the existing spin-imagedescriptor. All three
descriptors take as input a point cloud P and a basis point p, and capture the
regional shape of the sceneat p using the distribution of points in a support
regionsurrounding p. The support region is discretizedinto bins, and a histogram
is formed by counting the number of points falling within each bin. For the 3D
shape contexts and spin-images,this histogram is useddirectly asthe descriptor,
while with harmonic shape contexts, an additional transformation is applied.

When designing such a 3D descriptor, the ¯rst two decisions to be made
are (1) what is the shape of the support region and (2) how to map the bins
in 3D space to positions in the histogram vector. All three methods address
the secondissueby aligning the support region's \up" or north pole direction
with an estimate of the surfacenormal at the basispoint, which leavesa degree
of freedom along the azimuth. Their di®erencesarise from the shape of their
support region and how they remove this degreeof freedom.

2.1 3D shap e contexts

The 3D shape context is the straightforward extension of 2D shape contexts,
intro ducedby Belongieet al. [2], to three dimensions.The support regionfor a 3D
shapecontext is a spherecentered on the basispoint p and its north poleoriented
with the surfacenormal estimate N for p (Fig. 2). The support region is divided
into bins by equally spacedboundariesin the azimuth and elevation dimensions
and logarithmically spacedboundaries along the radial dimension. We denote
the J + 1 radial divisions by R = f R0 : : : RJ g, the K + 1 elevation divisions by
£ = f £ 0 : : : £ K g, and the L + 1 azimuth divisions by © = f ©0 : : : ©L g. Each bin
corresponds to one element in the J £ K £ L feature vector. The ¯rst radius
division R0 is the minimum radius r min , and RJ is the maximum radius r max .
The radius boundariesare calculated as
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Fig. 2. Visualization of the
histogram bins of the 3D
shape context.

Sampling logarithmically makes the descriptor
more robust to distortions in shape with distance
from the basis point. Bins closer to the center are
smaller in all three spherical dimensions,so we use
a minimum radius (r min > 0) to avoid being overly
sensitive to small di®erencesin shape very close
to the center. The £ and © divisions are evenly
spacedalong the 180

�

and 360
�

elevation and az-
imuth ranges.

Bin( j ; k; l ) accumulates a weighted count w(pi )
for each point pi whosespherical coordinates rela-
tiv e to p fall within the radius interval [R j ; Rj +1 ),
azimuth interval [©k ; ©k+1 ) and elevation interval
[£ l ; £ l +1 ). The contribution to the bin count for
point pi is given by

w(pi ) =
1

½i
3
p

V(j ; k; l )
(2)

where V (j ; k; l ) is the volume of the bin and ½i is the local point density
around the bin. Normalizing by the bin volume compensatesfor the large varia-
tion in bin sizeswith radius and elevation. We found empirically that using the
cube root of the volumeretains signi¯cant discriminativ e power while leaving the
descriptor robust to noisewhich causespoints to crossover bin boundaries.The
local point density ½i is estimated as the count of points in a sphereof radius
± around pi . This normalization accounts for variations in sampling density due
to the angle of the surfaceor distance to the scanner.

We have a degreeof freedomin the azimuth direction that we must remove in
order to compareshape contexts calculated in di®erent coordinate systems.To
account for this, we choosesomedirection to be ©0 in an initial shape context,
and then rotate the shape context about its north pole into L positions, such
that each ©l division is located at the original 0

�

position in oneof the rotations.
For descriptor data sets derived from our referencescans,L rotations for each
basis point are included, whereasin the query data sets, we include only one
position per basispoint.

2.2 Harmonic shap e contexts

To compute harmonic shape contexts, we begin with the histogram described
above for 3D shape contexts, but we use the bin valuesas samplesto calculate
a spherical harmonic transformation for the shells and discard the original his-
togram. The descriptor is a vector of the amplitudes of the transformation, which
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are rotationally invariant in the azimuth direction, thus removing the degreeof
freedom.

Any real function f (µ; Á) can be expressedas a sum of complex spherical
harmonic basis functions Y m

l .

f (µ; Á) =
1X

l =0

m = lX

m = ¡ l

Am
l Y m

l (µ; Á) (3)

A key property of this harmonic transformation is that a rotation in the az-
imuthal direction results in a phaseshift in the frequency domain, and hence
amplitudes of the harmonic coe±cients kAm

l k are invariant to rotations in the
azimuth direction. We translate a 3D shape context into a harmonic shape con-
text by de¯ning a function f j (µ; Á) basedon the bins of the 3D shape context
in a single spherical shell R j · R < Rj +1 as:

f j (µ; Á) = SC(j ; k; l ); µk < µ · µk+1 ; Ál < Á · Ál +1 : (4)

As in [14], we choosea bandwidth b and store only b lowest-frequencycom-
ponents of the harmonic representation in our descriptor, which is given by
H SC(l; m; k) = kAm

l ;k k; l ; m = 0: : : b;r = 0: : : K . For any real function, kAm
l k =

kA ¡ m
l k, so we drop the coe±cients Am

l for m < 0. The dimensionality of the re-
sulting harmonic shape context is K ¢b(b+ 1)=2. Note that the number of azimuth
and elevation divisions do not a®ectthe dimensionality of the descriptor.

Harmonic shape contexts are related to the rotation-in variant shape descrip-
tors SH(f ) described in [14]. One di®erencebetween those and the harmonic
shape contexts is that one SH(f ) descriptor is usedto describe the global shape
of a single object. Also, the shape descriptor SH(f ) is a vector of length b
whose components are the energiesof the function f in the b lowest frequen-
cies: SHl (f ) = k

P l
m = ¡ l Am

l Y m
l k. In contrast, harmonic shape contexts retain

the amplitudes of the individual frequency components, and, as a result, are
more descriptive.

2.3 Spin Images

We comparedthe performanceof both of theseshape context-based descriptors
to spin images[13]. Spin-imagesare well-known 3D shape descriptors that have
proven useful for object recognition [13], classi¯cation [20], and modeling [10].
Although spin-images were originally de¯ned for surfaces, the adaptation to
point clouds is straightforward. The support region of a spin image at a basis
point p is a cylinder of radius r max and height h centered on p with its axis
aligned with the surfacenormal at p. The support region is divided linearly into
J segments radially and K segments vertically, forming a set of J £ K rings.
The spin-imagefor a basispoint p is computed by counting the points that fall
within each ring, forming a 2D histogram. As with the other descriptors, the
contribution of each point qi is weighted by the inverseof that point's density
estimate (½i ); however, the bins are not weighted by volume. Summing within
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each ring eliminates the degree of freedom along the azimuth, making spin-
images rotationally invariant. We treat a spin-image as a J £ K dimensional
feature vector.

3 Using poin t descriptors for recognition

To comparetwo descriptors of the sametype to one another, we usesomemea-
sure of distance between the feature vectors: `2 distance for 3D shape contexts
and spin images, and the inverse of the normalized correlation for harmonic
shape contexts. Given a query sceneSq and a set of referencedescriptors cal-
culated from scansof known models, we would like to choosethe known model
which is most similar to an object in Sq. After we calculate descriptors from Sq

and distancesbetween the query descriptors and referencedescriptors, we face
the problem of how to aggregatethese distancesto make a choice as to which
model is the best match to Sq.

A straightforward way of doing this would be to have every descriptor from
Sq vote for the model that gave the closestdescriptor, and choosethe model with
the most votes as the best match. The problem is that in placing a hard vote,
we discard the relative distancesbetweendescriptors which provide information
about the quality of the matches. To remedy this, we use the representativ e
shape context method intro duced in Mori et al. [18], which we refer to as the
representativedescriptor method, sincewe also apply it to spin images.

3.1 Represen tativ e descriptor metho d

We precomputeM descriptorsat points p1; :::pM for each referencescanSi , and
compute at query time K descriptors at points q1; :::qK from the query scene
Sq, whereK ¿ M . We call theseK points representativedescriptors (RDs). For
each of the query points qk and each referencescan Si , we ¯nd the descriptor
pm computed from Si that has the smallest `2 distance to qk . We then sum the
distances found for each qk , and call this the representative descriptor cost of
matching Sq to Si :

cost(Sq; Si ) =
X

k2f 1;::: ;K g

min
m 2f 1;::: ;M g

dist(qk ; pm ) (5)

The best match is the referencemodel S that minimizes this cost.
Scoring matchessolely on the representativ e descriptor costscan be thought

of as a lower bound on an ideal cost measurethat takes geometric constraints
betweenpoints into account. We show empirically that recognition performance
using just these costs is remarkably good even without a more sophisticated
analysis of the matches.

One could select the center points for the representativ e descriptors using
some criteria, for example by picking out points near which the 3D structure
is interesting. For purposesof this paper, we sidestepthat question altogether
and chooseour basis points randomly. To be sure that we are representing the
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performanceof the algorithm, we performed each representativ e descriptor ex-
periment 100 times with di®erent random subsetsof basispoints. For each run
we get a recognition rate that is the percentage of the 56 query scenesthat we
correctly identi¯ed using the above method. The mean recognition rate is the
recognition rate averagedacrossruns.

4 Data set
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Fig. 3. The 56 car models used in our experiments shown to scale.

We tested our descriptors on a set of 56 3D models of passengervehicles
taken from the De Espona 3D model library [12] and rescaledto their actual
sizes(Fig. 3).3 The point clouds used in our experiments were generatedusing
3 The Princeton Shape Benchmark, a data set with 1,814 3D models, was re-

cently released. We didn't learn of the data set in time to use it in this pa-
per, but we will be using it in future experiments. It can be found online at
http://shap e.cs.princeton.edu/benchmark/.



8 Andrea Frome et al.

a laser sensorsimulator that emulates a non-commercialairborne range scanner
system.We have shown in separateexperiments that thesedescriptorswork well
for real data, but for theseexperiments, our goalwasto comparethe performance
of the descriptors in controlled circumstances.

We generatedtwo typesof point clouds: a set of model or \reference" scans,
and several sets of sceneor \query" scans.For each vehicle, we generatedfour
referencescanswith the sensorpositioned at 90

�

azimuth intervals (Á = 45
�

,
135

�

, 225
�

, and 315
�

), a 45
�

declination angle, and a range of 500 m from the
target. The resulting point clouds contained an averageof 1,990 target points
spacedapproximately 6 cm apart. The query scanswere generatedin a similar
manner, except that the declination was 30

�

and the azimuth was at least 15
�

di®erent from the nearest referencescan. Depending on the experiment, either
clutter and occlusion or noisewas added. Clutter and occlusion were generated
by placing the model in a test sceneconsisting of a building, overhanging trees,
and a ground plane (Fig. 1(a)). The point clouds for thesescenescontained an
averageof 60,650points. Noisy scanswere modeled by adding Gaussiannoise
(N (0; ¾)) along the line of sight of each point.

(a) (b) (c)

Fig. 4. The top row shows scansfrom the 1962Ferrari 250model, and the bottom scans
are from the Dodge Vip er. The scansin column (a) are the query scansat 30

�

elevation
and 15

�

azimuth with ¾ = 5 cm noise, and those in (b) are from the same angle but
with ¾= 10 cm noise. With 10 cm noise, it is di±cult to di®erentiate the vehicles by
looking at the 2D images of the point clouds. Column (c) shows the reference scans
closest in viewing direction to the query scans(45

�

azimuth and 45
�

elevation). In the 5
cm and 10 cm noiseexperiments, we ¯rst chose300 candidate basispoints and sampled
RDs from those.

Basis points for the descriptors in the referencepoint clouds were selected
using a method that ensuresapproximately uniform sampling over the model's
visible surface.Each point cloud wasdivided into 0.2-metervoxelsand onepoint
was selectedat random from each occupied voxel, giving an averageof 373 de-
scriptors per point cloud (1,494descriptorsper model). Basispoints in the query
point clouds were chosenusing the samemethod, except that the set was fur-
ther reduced by selecting a random subset of N basis points (N=300 for the
clutter-free queriesand N=2000 for the clutter queries) from which representa-
tiv e descriptors were chosen.For a given experiment, the samesubset of basis
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points were used in generating the three types of descriptors. After noise and
clutter were added, normals for the basispoints were computed using a method
which preservesdiscontinuities in the shapeand that accounts for noisealong the
viewing direction [16]. The algorithm usespoints within a cube-shaped window
around the basispoint for the estimation, where the sizeof the window can be
chosenbasedon the expected noise level.

5 Exp erimen ts

The parameters for the descriptors (Table 1) were chosen based on extensive
experimentation on other setsof 3D models not usedin theseexperiments (Ta-
ble 1). However, someparameters(speci¯cally K and r min ) were¯ne-tuned using
descriptors in 20 randomly selectedmodels from our 56 vehicle database.The
basispoints usedfor training were independent from those usedin testing. The
relative scaleof the support regionswaschosento make the volume encompassed
comparableacrossdescriptors.

Table 1. Parameters used in the ex-
periments for shape contexts (SC), har-
monic shape contexts (HSC), and spin
images (SI). All distances are in meters

SC HSC SI

max radius (r max ) 2.5 2.5 2.5
min radius (r min ) 0.1 0.1 -
height (h) - - 2.5
radial divisions (J ) 15 15 15
elev./h t. divisions (K ) 11 11 15
azimuth divisions (L ) 12 12 -
bandwidth (b) - 16 -
dimensions 1980 2040 225
density radius (±) 0.2 0.2 0.2

0 5 10 15 20 25 30 35 40 45
0

0.2

0.4

0.6

0.8

1

Number of representative descriptors

M
ea

n 
re

co
gn

iti
on

 r
at

e

3D shape context
harmonic shape context
spin image

Fig. 5. Results for the 5cm noise ex-
periment. All three methods performed
roughly equally. From 300 basis points
sampledevenly from the surface,we chose
varying numbers of RDs, and recorded
the mean recognition rate. The error bars
show one standard deviation.

5.1 Scenes with 5cm noise

In this set of experiments, our query data was a set of 56 scans,each containing
one of the car models. We added Gaussiannoise to the query scansalong the
scanviewing direction with a standard deviation of 5 cm (Fig. 4). The window
for computing normals was a cube 55 cm on a side. Fig. 5 shows the mean
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recognition rate versusnumber of RDs. All of the descriptors perform roughly
equally, achieving closeto 100%averagerecognition with 40 RDs.

5.2 Scenes with 10 cm noise

We performed two experiments with the standard deviation increasedto 10 cm
(seeFig. 4). In the ¯rst experiment, our window sizefor computing normals was
the sameas in the 5 cm experiments. The results in Fig. 5.2 show a signi¯cant
decreasein performanceby all three descriptors, especially spin images.To test
how much the normals contributed to the decreasein recognition, we performed
a secondexperiment with a normal estimation window sizeof 105 cm, giving us
normals more robust to noise.The spin imagesshowed the most improvement,
indicating their performanceis more sensitive to the quality of the normals.
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(a) (b)

Fig. 6. Results for 10 cm noise experiments. In experiment (a) we used a window for
the normals that was a cube 55 cm on a side, whereasin (b) the size was increasedto
a cube 105 cm on a side. The error bars show one standard deviation from the mean.
From this experiment, we seethat shape contexts degrade lessas we add noise and in
particular are less sensitive to the qualit y of the normals than spin images. All three
methods would bene¯t from tuning their parameters to the higher noise case,but this
would entail a recalculation of the reference set. In general, a method that is more
robust to changesin query conditions is preferable.

5.3 Cluttered scenes

To test the abilit y of the descriptors to handle a query scenecontaining sub-
stantial clutter, we created scenesby placing each of the vehicle models in the
clutter sceneshown in Fig. 1(a). We generatedscansof each scenefrom a 30

�

declination and two di®erent azimuth angles(Á = 150 and Á = 300), which we
will call views #1 and #2 (Fig. 7). We assumethat the approximate location of
the target model is given in the form of a box-shaped volume of interest (VOI).



Recognizing Objects in Range Data 11

(a) (b)

Fig. 7. The cluttered scenewith the Karmann Ghia. Picture (a) is the scan from view
2, and (b) is a close-up of the VOI in view 1. For the fully-rendered sceneand the full
scanfrom view 1, refer to Fig. 1. The scanner in view 1 was located on the other side of
the building from the car, causing the hood of the car to be mostly occluded. In view
2, the scanner was on the other side of the trees, so the branches occlude large parts
of the vehicle. There were about 100 basis points in the VOI in each query scene,and
from those we randomly chose80 representativ e descriptors for each run.

The VOI could be determined automatically by a generic object saliency algo-
rithm, but for the controlled experiments in this paper, we manually speci¯ed
the VOI to be a 2 m £ 4 m £ 6 m volume that contains the vehicle as well
as someclutter, including the ground plane (Fig. 7(b)). Basis points for the de-
scriptors were chosenfrom within this VOI, but for a given basis point, all the
scenepoints within the descriptor's support region were used, including those
outside of the VOI.

We ran separateexperiments for views 1 and 2, using 80 RDs for each run.
When calculating the representativ e descriptor cost for a given scene-model pair,
we included in the sum in equation (5) only the 40 smallest distancesbetween
RDs and the referencedescriptorsfor a givenmodel. This actsasa form of outlier
rejection, ¯ltering out many of the basis points not located on the vehicle. We
chose40 becauseapproximately half of the basis points in each VOI fell on a
vehicle. The results are shown in Fig. 8.

The shape context performance is impressive given that this is a result of
doing naÄ³ve point-to-p oint matching without taking geometric constraints into
account. Points on the ground plane were routinely confusedfor someof the car
models which geometric constraints could rule out. A bene¯t of the 3D shape
context over the other two descriptors is that a point-to-p oint match gives a
candidate orientation of the model in the scenewhich can be used to verify
other point matches.
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Fig. 8. Cluttered sceneresults. In both, we included in the cost the 40 smallest dis-
tances out of those calculated for 80 RDs. The graphs show recognition rate versus
rank depth with error bars one standard deviation from the mean. We calculated the
recognition rate basedon the k best choices, where k is our rank depth (as opposedto
considering only the best choice for each query scene).We computed the mean recog-
nition rate as described before, but counted a match to a query sceneas \correct"
if the correct model was within the top k matches. Graph (a) shows the results for
view #1 and (b) for view #2. Using the 3D shape context we identifying on average
78% of the 56 models correctly using the top 5 choices for each scene,but only 49%
of the models if we look at only the top choice for each. Spin images did not perform
as well; considering the top 5 matches, spin images achieved a mean recognition rate
of 56% and only 34% if only the top choice is considered.Harmonic shape contexts do
particularly bad, achieving recognition slightly above chance. They chose the largest
vehicles as matches to almost all the queries.

6 Speeding search with localit y-sensitiv e hashing

In this section,we brie°y explore the cost of using 3D shape contexts and discuss
a way to bring the amount of computation required for a 3D shape context query
closer to what is usedfor spin imageswhile maintaining accuracy.

In the spin imageand harmonic shapecontext experiments, wearecomparing
each of our representativ e descriptors to 83,640referencedescriptors. We must
compare to the 12 rotations when using 3D shape contexts, giving a total of
1,003,680.Our systemimplementation takes7.4 secondson a 2.2 GHz processor
to perform the comparisonof one 3D shape context to the referenceset.

Fast search techniques such as locality-sensitive hashing (LSH) [11] can re-
duce the search space by orders of magnitude, making it more practical to
search over the 3D shape context rotations, though there is a tradeo® between
speedand accuracyof the nearest-neighbor result. The method divides the high-
dimensionalfeature spacewherethe descriptors lie into hypercubes,divided by a
set of k randomly-chosenaxis-parallel hyperplanes.Thesede¯ne a hashfunction
wherepoints that lie in the samehypercube hashto the samevalue. The greater
the number of planes,the more likely that two neighbors will have di®erent hash
values.The probabilit y that two nearby points are separatedis reducedby inde-
pendently choosing l di®erent setsof hyperplanes,thus de¯ning l di®erent hash
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functions. Given a query vector, the result is the set of hashed vectors which
shareone of their l hash valueswith the query vector.
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Fig. 9. Results for LSH experi-
ments with 3D shape contexts on
the 10cm noise query dataset us-
ing the 105cm window size.Shown
are results using 160 RDs where
we included the 80 smallest dis-
tances in the RD sum. The exact
nearest neighbor results for spin
imagesand 3D shape contexts are
shown for comparison.

In Figure 9, we show LSH results on the
10cm noise dataset with the 105 cm window
sizeusing 160RDs (exact nearestneighbor re-
sults are shown in Figure 5.2(b)). We chose
this data set becauseit was the most chal-
lenging of the noise tests where spin images
performed well (using an easier test such as
the 5 cm noise experiment provides a greater
reduction in the number of comparisons). In
calculating the RD costs, the distance from a
query point to a given model for which there
wereno hashmatcheswasset to a value larger
than any of the other distances. In this way,
we penalizedfor a failure to match any hashed
descriptors. To remove outliers causedby un-
lucky hash divisions, we included in the sum
in equation (5) only the 80 smallest distances
between RDs and the returned referencede-
scriptors. Note that performing LSH using 3D
shape contexts with k = 200 hash divisions
and l = 10 hash functions requires fewer de-
scriptor comparisons than an exact nearest
neighbor search using spin images, and pro-
vides slightly better accuracy.
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