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Abstract

A set of local shape descriptors for range data are pro-
posed for reliable point matching in pose acquisition
and tracking applications. Several local shape proper-
ties are extracted from the principal component space
of various neighbourhoods and the similarity between
histograms of these properties is used for hypothesizing
point matches. The dimensionality of the descriptors
may vary, and the effectiveness of several 1D through
9D histograms are experimentally analysed in tracking
a range data sequence of a satellite model. The best
performing descriptors are used for pose determination
between pairs of range images and are shown to outper-
form two well-known existing descriptors.

keywords: 3D pose acquisition, tracking, local shape
descriptors, principal component analysis, range data

1 Introduction

Establishing feature correspondences reliably is nec-
essary for efficient pose acquisition and tracking. Lo-
cal Shape Descriptors (LSDs) have been utilised by re-
searchers for encapsulating the local geometry informa-
tion of various neighbourhoods and their similarity is
used as an indicator of the similarity between the cor-
responding geometries. Point matches are then used
for registering range image sequences for tracking or
for registering a range image with a complete surface
model for pose determination.

Ideally, descriptors should be computationally and
memory efficient, discriminating, and robust with re-
spect to a variety of inevitable conditions such as noise
and self-occlusion. They should also be robust with
respect to the viewing angle.

In the Spin Images technique [8], 2D histograms
are formed based on the distances of the neighbouring
points from the normal vector and the tangent plane.
The Point Signatures method [3] constructs 1D arrays
based on the distance profile of intersection of a sphere

with the object from the tangent plane. Other lo-
cal shape descriptors developed for pose estimation in-
clude Surface Signatures [12], Pairwise Geometric His-
tograms [1], Statistical Matrices [11], and Point Fin-
gerprints [9]. A review of some of these techniques is
offered in [2].

The abovementioned methods take a minimalist ap-
proach, in that they try to construct low dimensional
and compact descriptors, presumably to favour effi-
ciency. We propose that using high dimensional de-
scriptors could be the key to more reliable and robust
point matching without sacrificing computational and
memory efficiency. To this end, we have developed a
large variety of variable dimensional shape descriptors,
based on local properties derived from principal com-
ponent analysis. These descriptors can be considered
as a generalization of well-known LSDs such as Spin
Images and Point Signatures and our experimental re-
sults confirm their effectiveness in comparison to the
existing methods.

The main motivation for our research is developing a
pose acquisition technique for tracking a satellite based
on LIDAR data as part of a larger system that could en-
able automatic rendezvous and robotic capture of mal-
functioning satellites by an unmanned spacecraft for
service and redeployment [7, 6]. Other applications for
a 3D pose estimation system include 3D model build-
ing, industrial inspection, augmented reality, and com-
puter aided surgery.

2 PCA-Based Descriptors

We construct our shape descriptors based on prop-
erties extracted from the principal component space
of the neighbourhood of each point in a point cloud.
Eigenvalue decomposition of the covariance matrix
of each neighbourhood is used to associate an or-
thonormal frame (~i, ~j, ~k) and three eigenvalue scalars
(e1, e2, e3), representing vector lengths along each axis
of the frame, to each point. Using these vectors and



Position
Property Description Range
x, y, z coordinates along main axes [−R,R]

axes distances
Xa, Ya, Za Xa =

√
y2 + z2 [0, R]

Ya =
√

z2 + x2

Za =
√

x2 + y2

dist reference point distance [0, R]
d =

√
x2 + y2 + z2

Table 1: Basic and Extended Position Properties

scalars we generate nine basic and several extended
properties for each point in the neighbourhood and can
form a variety of histograms that carry various levels
of information about the local geometry.

The orthonormal frame of each point can be treated
as a Cartesian coordinate frame known as the principal
component space. While constructing a descriptor for
a point, we refer to it as the reference point (p’) and to
its frame as the reference frame. For each neighbouring
point (p), the basic properties define its relationship to
the reference point and consist of three position scalars,
three direction scalars, and three dispersion scalars.

The coordinates of each neighbouring point ex-
pressed in the reference frame, x, y, and z along ~i′,
the major, ~j′ the semi-major, and ~k′, the minor axes
respectively, form the three basic position properties.
Several extended position properties can be calculated
based on these coordinates. Table 1 lists some possible
extended position properties, the nomenclature we use
for referring to them, and the range of possible values
for each property, where R denotes the neighbourhood
radius.

The rotation that aligns the orthonormal frame of a
neighbouring point with the reference frame can be de-
fined with three parameters. We chose the inner prod-
ucts of the corresponding axes between the two frames
as the three basic direction properties. The rotation
can be represented in various forms and therefore it is
possible to construct several extended properties. Some
of these extended direction properties are listed in Ta-
ble 2, where Ci is the shorthand notation for cos(i).

Eigenvalues of the neighbourhood covariance matrix
form the three basic dispersion scalars. Three scale-
independent extended dispersion properties are gen-
erated by normalizing the basic values by their cor-
responding dispersion property of the reference point.
Table 3 lists the dispersion properties, where éi refers
to a basic dispersion property of the reference point.

Figure 1 shows a satellite range image containing
nearly 50, 000 3D points. The neighbourhoods of two

Direction
Property Description Range

inner products of axes
Cθ, Cφ, Cψ Cθ = ~i · ~i′ [−1, 1]

Cφ = ~j · ~j′

Cψ = ~k · ~k′

roll, pitch, yaw ZYX Euler angles [−π, π]
α, β, γ ZYZ Euler angles [−π, π]

Table 2: Basic and Extended Direction Properties

Dispersion
Property Description Range
e1, e2, e3 eigenvalues [−R2, R2]

|e1| > |e2| > |e3|
ê1 = e1/é1

ê1, ê2, ê3 ê2 = e2/é2 [−∞,∞]
ê3 = e3/é3

Table 3: Basic and Extended Dispersion Properties
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Figure 1: Two points on a satellite point cloud, their
neighbourhoods, and their reference frames

selected points (p and p’) are shown in a darker shade.
The local frames of the two points are illustrated and
are labeled with (~i, ~j, ~k) and (~i′, ~j′, ~k′). Values of the
nine basic properties for point p are listed in Table 4
with respect to point p’ as the reference point.

For each reference point, a histogram could be con-
structed based on one or any combination of the prop-
erties of neighbouring points. We note that only nine
independent properties exist for each neighbour point
and therefore we limit our histograms to have one
through nine dimensions, with each dimension being
one of the 22 properties listed in Tables 1, 2, and 3.

Histograms are normalized to the number of neigh-
bouring points that contribute to their construction so



position (mm) direction dispersion (mm2)

x y z Cθ Cφ Cψ e1 e1 e1

-356 -265 16 -0.53 -0.46 0.90 4652 3429 118

Table 4: Basic properties of point p in Figure 1 with
respect to point p’ as the reference point

the descriptors are robust to sampling resolution. The
neighbourhood radii for performing the PCA and for
selecting points that contribute to each histogram do
not necessarily need to be the same, but were set to
the same value in the experiments. Histogram inter-
section [10] is used for measuring the disparity between
histograms and provides a continuous similarity mea-
sure in the [0, 1] interval, where 1 denotes identical his-
tograms.

Since the range for the scale-independent dispersion
properties is unlimited, we clip the values beyond a pre-
determined maximum before constructing a histogram
based on them. We have also chosen to clip the val-
ues of the basic dispersion properties beyond a certain
range since the great majority of their values lie within
a range much smaller than their absolute possible max-
imum. In the experiments, the clipping ranges were
empirically set to

[
0, R2/2

]
,

[
0, R2/4

]
, and

[
0, R2/8

]
for e1, e2, and e3 properties respectively, and to

[
1
2 , 2

]
for the extended dispersion properties.

3 Experiments

A set of experiments were performed to analyse the
point matching capabilities of the PCA-based descrip-
tors and compare their performance with that of Spin
Images and Point Signatures. A one-fifth scale model of
the RADARSAT satellite and an Optech ILRIS 3D LI-
DAR sensor were mounted on two manipulator robots
so that the LIDAR could scan the satellite from vari-
ous orientations and distances while the robotic arms
moved to simulate the motion of a spacecraft approach-
ing the satellite. Movement of the arms was slow rel-
ative to the data acquisition rate so the motion skew
was negligible. Since the configuration of both ma-
nipulators was known during the scanning period, a
ground truth rigid transformation existed between var-
ious scans. A VRML model of the RADARSAT satel-
lite is shown in Figure 2(a).

Two range images from the sequence were selected
for the first point matching experiments in order to
select a small subset of PCA-based descriptors. The
disparity in the viewing angle for the two range im-
ages was 10◦ in the roll angle and 10◦ in the yaw an-
gle. One hundred points were randomly selected on the

Figure 2: (a) RADARSAT VRML model (b) Corre-
sponding points from the second image for the 100
randomly selected points on the first image

first point cloud such that they were also visible on the
second point cloud. Based on the ground truth trans-
formation, the corresponding point for each of these
random points on the second scan were identified. The
second point cloud and the selected points on it are
illustrated in Figure 2(b).

Figure 3 illustrates a sample confusion matrix
generated for the hundred points based on 6D
[e2, e3, Xa, e1, Za, γ] histograms of size 46. This confu-
sion matrix is a 100×100 matrix in which the rows and
columns represent the selected points on the first and
second point clouds respectively. In the illustration,
higher similarities are shown in darker shades and it
can be seen that the main diagonal elements of the ma-
trix are mostly darker than the off diagonal elements.
Each diagonal element that is larger than all the other
element in its row (or column), represents a point that
is correctly matched to its true match on the other
range image. In this case, there were 73 points that
were correctly identified.

Since we use RANSAC [4] for generating statisti-
cally stable poses from candidate correspondences, it is
not strictly necessary for the points to be matched ex-
actly with their true match as long as their true match
gains a high rank based on the similarity between their
descriptors. We define Ranki as the number of true
matches that were ranked within the top-i highest sim-
ilarities. Rank3 was used as a performance measure in
the experiments. The results showed that the relation-
ship between Rank3 and Rank1 (i.e. number of correct
matches) was roughly linear.

The bounding box for the satellite model is approx-
imately 2.1m× 0.7m× 0.5m. The sampling resolution
is such that range images of the tracking sequence each



Figure 3: A sample confusion matrix based on 6D
[e2, e3, Xa, e1, Za, γ] histograms

contain about 40k-70k 3D points (47, 884 and 56, 743
for the two selected images). The neighbourhood ra-
dius was empirically set to 15cm. The number of bins
for histograms along each dimension were set to 100,
35, 11, 6, 5, 4, 3, 3, and 3 for 1D through 9D histograms
respectively.

Based on the 22 properties listed in Tables 1 to 3,
over a million possible histograms could be constructed
for each point1. A forward selection scheme was utilised
for obtaining a suitable subset of descriptors from the
vast pool of possible PCA-based histograms. First 22
1D histograms based on properties listed in Tables 1,
2, and 3 were tested and the top 8 descriptors were se-
lected based on the Rank3 measure. The top 8 1D de-
scriptors were then combined with all the 22 properties
to form several 2D histograms and the 8 best perform-
ing 2D histograms were identified. Similarly, the top 8
histograms of higher dimensions were selected and each
in turn were used to construct 8×22 higher dimensional
histograms. In the end, we identified 8 top-performing
descriptors for each dimensionality based on their point
matching capabilities.

Table 5 lists the 2 top performing histograms for each
dimensionality. The basic dispersion properties seem
to provide the highest discrimination power among the
one dimensional histograms. Figure 4(a) illustrates the
Rank3 and Rank1 measures for the top performing de-
scriptor and the average of these measures for the top
8 descriptors at each dimensionality. The Rank1 and
Rank3 measure are larger than 50% for 70% respec-
tively for all 2D and higher dimensional descriptors.
The measures are larger than 60% and 80% respec-
tively for 4D and higher dimensional descriptors. It
can also be observed that higher dimensional descrip-
tors (≥ 4D) provided better point matching than the
lower dimensional ones despite the fact that they were
more coarsely sampled.

1 C22
1 + C22

2 + . . . + C22
9 = 1, 097, 789

Dim. Selected Histograms
1D [e1], [e2]
2D [ê2, e3], [e2, e3]
3D [ê2, e3, yaw], [ê2, e3, ê1]
4D [e2, e3, Xa, e1], [e2, e3, Za, e1]
5D [e2, e3, Xa, e1, Za], [e2, e3, Xa, e1, dist]
6D [e2, e3, Xa, e1, Za, γ]

[e2, e3, Xa, e1, dist, γ]
7D [e2, e3, Xa, e1, Za, Ya, z]

[e2, e3, Xa, e1, Za, Ya, dist]
8D [e2, e3, Xa, e1, Za, Ya, z, dist]

[e2, e3, Xa, e1, Za, ê3, ê1, pitch]
9D [e2, e3, Xa, e1, Za, ê3, ê1, α, ê2]

[e2, e3, Xa, e1, Za, ê3, ê1, pitch, α]

Table 5: Top-2 selected histograms at each dimen-
sion
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Figure 4: Rank3 and Rank1 measures for the first (a)
and the second (b) pair of satellite range images

A similar experiment was performed on a second pair
of range images to confirm the discrimination power of
the selected descriptors. One of the range images from
the first pair was replaced with another image from the
scanning sequence such that the new pair had a larger
view point disparity with 20◦ and 10◦ differences in
roll and yaw angles respectively. Figure 4(b) plots the
Rank3 and Rank1 measures for the previously selected
top performing descriptors applied for point matching
across the second pair. As expected, the numbers are
smaller due to the larger disparity between the view
points but we notice that Rank3 is still over 50% for
all 2D and higher dimensional descriptors. We also
observe that the 6D histograms provide the best point
matching capability.

Our final experiment was point matching between
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Figure 5: Rank3, Rank1, and Rank10 for matching
sparse scene points to dense model points

the second pair of satellite range images for pose es-
timation. Descriptors were constructed for 2% of the
points on one image and for 0.1% of the points on the
second image. Due to memory limitations, the number
of bins along each direction for 9D histograms was set
to 2 in this experiment.

Since the LIDAR images are dense, the 2% subsam-
pling provides a rather large set of points and this ex-
periment is equivalent with constructing descriptors for
a dense subset of model points offline and for a sparse
set of scene points online. Therefore, in this experiment
we refer to the densly subsampled image as the model
and to the sparsely sampled image as the scene. The
subsampling rates lead to almost 1, 000 descriptors on
the model and 57 descriptors on the scene.

Scene descriptors were matched to model descriptors
based on the selected PCA-based descriptors, as well
as Spin Images and Point Signatures. Figure 5 shows
the Rank1, Rank3, and Rank10 measures for the PCA-
based descriptor at each dimensionality, for Spin Im-
ages of size 35× 35 (S1) and size 50× 50 (S2), and for
Point Signatures of length 24 (P1) and length 100 (P2).
The parameters for Spin Images and Point Signatures
were set according to the suggested values in [8] and
[3]. The sphere radius for Point Signatures was set to
10cm. The neighbourhood radius for constructing Spin
Images was set to 15cm and the neighbourhood radius
of 4cm was used for estimating the surface normal di-
rections. We observe that even the low dimensional
PCA-based descriptors outperform both Spin Images
and Point Signatures.

To further illustrate the point matching qualities of
our PCA-based histograms against Spin Images and
Point Signatures, Figure 6 shows rank histograms of
the top PCA-based 1D and 6D histograms, 35 × 35
Spin Images, and Point Signatures of length 24. The
rank histograms contain 20 bins, each representing 50
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Figure 6: Rank histograms

points. The first column therefore, represents Rank50

or the number of scene points (out of 57) for which their
true match on the model was ranked between 1 and 50
based on their histogram similarity. The second column
represents Rank51−100 and so on. We observe that the
first column contains a significantly larger number of
points for the PCA-based descriptors than it does for
Spin Images and Point Signatures.

Our implementations of Spin Images and Point Sig-
natures were slightly simplified version of the original
methods. The simplifications in Spin Images include
not compressing images and using histogram intersec-
tion rather than the image matching technique pre-
sented in [8]. Neither simplification should affect the
point matching performance of Spin Images since image
compression is performed solely for the purpose of gain-
ing memory efficiency, and the suggested image match-
ing in [8] is devised for dealing with outliers and no
outliers exist in our experimental data. We use simple
histogram intersection for comparing Point Signatures
instead of using the shift and compare strategy devised
in [3]. This affects the matching quality for signatures
with multiple global maxima.

4 Conclusion

We have developed a large set of variable dimen-
sional local shape descriptors for 3D point matching
across range images. The descriptors are based on nine
basic and several extended properties extracted from
the principal component analysis of each point’s neigh-
bourhood. The extended properties are different ex-
pressions of the same information as the basic proper-
ties. Nevertheless, different representations of the same



information could lead to histograms that differ in their
point matching capacity and experimenting with vari-
ous extended properties is therefore a useful exercise.

Unlike the minimalistic approach of the previously
developed descriptors, our descriptors include variable
dimensional histograms of up to 9 dimensions. Previ-
ous LSD approaches such as Spin Images obtain view
independence by exploiting properties such as distance
from the tangent plane or distance from the normal
vector. They form a low dimensional array that car-
ries some information about the distribution of these
properties for some neighbourhood around each point.
View independent properties used in these methods are
a subset of our PCA-based properties. For instance,
when a small radius is used for neighbourhood gen-
eration, the xy plane approximates the tangent plane
(possibly with an offset along the z axis) and the dis-
tance from the normal vector and the distance from
the tangent plane are equivalent to the Za and z posi-
tion properties respectively. Therefore, our PCA-based
descriptors encompass well-known existing descriptors
such as Spin Images as well as a large variety of novel
descriptors.

We have conjectured that since the existing descrip-
tors were selected in an ad hoc manner, they did not
necessarily contain the optimal subset of information
from the vast pool of available properties and we could
empirically determine a more optimal subset. Our
experimental results confirmed that our descriptors
indeed provided more reliable point correspondences
than Point Signatures and Spin Images.

While our current implementation is in the Mat-
lab environment and does not provide meaningful re-
sults regarding the processing times, we note that the
amount of computation required for constructing the
PCA-based descriptors is about the same level as that
of Spin Images or Point Signatures. Furthermore, the
increased reliability of the point matches provided by
the PCA-based descriptors could drastically reduce the
RANSAC phase of a pose estimation routine and could
lead to more efficient and reliable pose estimation for
vision based tracking.

Our future work involves performing further exper-
iments in registering various models with their range
images. We also intend to utilize nonparametric sta-
tistical methods [5] for efficiently comparing the high
dimensional descriptors in order to deal with the curse
of dimensionality.
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