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Abstract

Point-of-interest detection is a way of reducing the
amount of data that needs to be processed in a certain
application and is widely used in 2D image analysis.
In 2D image analysis, point-of-interest detection is usu-
ally related to extraction of local descriptors for object
recognition, classification, registration or pose estima-
tion. In analysis of range data however, some local de-
scriptors have been published in the last decade or so,
but most of them do not mention any kind of point-of-
interest detection. We here show how to use an extended
Harris detector on range data and discuss variants of
the Harris measure. All described variants of the Har-
ris detector for 3D should also be usable in medical im-
age analysis, but we focus on the range data case. We
do present a performance evaluation of the described
variants of the Harris detector on range data.

1. Introduction

The detection of robust points-of-interest, POIs, in
a 2D image is important for many applications such
as image registration, tracking and stereo matching,
the latter was one of the first applications using local
POIs [17]. Almost a decade later the Harris detector [9]
was presented and subsequently used for much the same
application. Matching Harris points over large distances
is somewhat problematic and in [27] it is shown that
this process can be made more robust by using the
surrounding neighborhood around each POI to select
which matches were likely. The use of local neighbor-
hoods in [27] did not use any invariants at all as descrip-
tor, something that was shown to be of great use in [20].
This has since then been followed by a range of POI-
detectors and local descriptors [14, 2, 16, 15], which
have been at the base of many successful applications.

In the area of POI-detection and local descriptors
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for range data, most publications have focused on the
later part. Publications like [4, 12, 11, 5, 8] mention
no POl-detection at all, [21] would probably not be re-
garded as using a POI-detector and [22, 24] do detect
POISs, but only after the extraction of local descriptors.
In [25, 3, 7] POI-detectors are used, but none of them
use a version of the Harris detector. In medical im-
age analysis some POI-detectors have been developed.
In [23], extremal points of the two main curvature di-
rections are used as POIs. A comparison of 9 different
differential operators [10] reaches the conclusion that
POI-detectors based on the Harris matrix performs bet-
ter than the ones based on measures of curvature. The
measures on the Harris matrix used in [19, 1, 18, 10]
are mostly concerned with the determinant, the trace
and fractions between them. Given the lack of POI-
detectors for range data, the superiority of differential-
based detectors over curvature-based detectors for med-
ical data and that most available range data detectors are
based on curvature we will here focus on getting vari-
ants of the Harris detector working for range data and
evaluate its performace.

The Harris detector has in [13] been extended to
three dimensions, two spatial dimensions and time,
which is the only publication among those mentioned
here that explicitly mentions its work as an extension
to the Harris detector. The formula used is very simi-
lar to the original Harris detector but uses only two out
of three possible invariants under rotation of the Harris
matrix in 3D. We will here extend the Harris measure-
ment to include all three possible invariants under rota-
tion of the Harris matrix and show that this can benefit
the POI detection in range data.

2. Range Data Pre-processing

Range data is different from other 3D data in that it
has a grid in only two, or fewer, directions. Our range
data has a grid in two dimensions but not in the third, but



our proposed techniques should easily extend to other
range data as well. In this work we make use of conser-
vative surface voxelization [6, 26], where triangles are
scan-converted within a volume between all neighbour-
ing points in the range data 2D grid. This means that
we will add data points were we in fact did not measure
anything. The voxelization gives us a full 3D volume
representation of the surfaces we have measured with
our range data camera. One argument against the vox-
elization could be that it will yield a big explosion in
the amount of data, but in practise it is not, since most
of the volume is empty. The resulting volume is heav-
ily sparse; a typical range scan occupies only one per-
cent of the full volume. Most real range data, except for
data captured by time of flight devices, have areas where
self-occlusion leads to missing data. If there are points
of missing data in the 2D grid, those points are not con-
nected in our voxelization process, neither are points on
either side of the missing data. In [7] a full volume was
also generated, but it instead focused on the density of
range data points as a measure of certainty. We use the
model of straight hyper-lines between range data points
and assume that sparsity of range points is an artifact
of slanting surfaces which should not be interpreted as
certainty. Many range sensors do have a separate cer-
tainty measure which could be used instead. One might
argue that voxelization distorts the representation of the
object so that it no longer looks like the real object. In
object detection, recognition, pose estimation etc. we
argue that it does not matter that we change the apper-
ance of the object as long as it is changed the same way
every time we use the data. We do however argue that
the voxelization process has a strong benefit; it enables
us to use differential-based detectors such as the Harris
detector on the data.

3. The Harris Detector

The Harris detector tries to find positions in an image
were the intrinsic dimension is larger than 1, i.e. where
the signal varies in more than one direction. This is
done by analysis of the eigenvalues, )\;, of the Harris
matrix, which for a 2D image f is given by
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where subscript of f signify derivative in the given di-
rection. The analysis of eigenvalues is done by the Har-
ris measure which is

m(k) = det(Hzp) — k trace(Hap) (2)

Hyp = local weighted mean of (

where k is a parameter. For positions where the intrin-
sic dimension is 2 the eigenvalues should lie on a line

defined as I = (A1 A2)T = A1 1)7, ie. in 45 de-
grees angle from the origin in A-space. The parameter
k enables non-isotropic signal regions to be detected,
i.e. positions in A-space close to the line [ but not ex-
actly on it. This can be seen by looking at iso-contours
for m (k) which can be bent away from the two axes in
A-space by changing k.

Generalizing the Harris detector to 3D is based on
the 3D Harris matrix
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and can be done in some different ways. In [19, 1, 18,
13], variations of the measure m(-) use the determinant
and trace

det(HgD) = )\1)\2)\3 (4)
trace(ng) =X+ X+ A3 5)

of the Harris matrix. The determinant and the trace of
the matrix are used because they are invariant under ro-
tation of the underlaying signal, but none of the men-
tioned references make use of the third invariant, given
by

SCC(HgD) = )\1)\2 + )\2)\3 + )\3)\1. (6)
We refer to it as sec() since it is the second order in-
variant. Similarly to the 2D case, the spatial positions
of intrinsic signal dimension 3 should lie on the line
I= (X1 X2 A3)T = A(111)7T in eigenvalue-space. The
inclusion of the second order term gives us the opportu-
nity to form other kinds of Harris extensions than what
is found in [13, 10]. We will evaluate the following ex-
pressions:

D1 = det(H) — I sec®?(H) (7)

D2 =det(H) — I sec(H) tr(H) (8)

D3 =det(H) — kt®(H) — Isec®?(H)  (9)
D4 =det(H) — ktr®(H) — Isec(H) tr(H)  (10)

and compare to these from the litterature

_ det(H)
Op3 = w(H) ,see [10] (11)
Rohr3D = det(H) ,see [10] (12)

Laptev = det(H) — ku®(H) ,see[13].  (13)

Having two parameters gives us more control over the
form of non-isotropic signals we should detect. The
sec() term can be used to bend away an iso-contour
from the planes spaned by any two of the base direc-
tions in A-space.

The following parameters for D1-D4, see table 1,
were found through a grid search over k and [ where de-
tected corners were compared to handmarked corners.



/DI D2 D3 D4

k|- - 0.0015 0.001
[ | 0014 0.007 0.004 0.004

Table 1. Parameters for D1-D4.

4. Performace Evaluation

We used two sets of evaluation data in our perfor-
mance comparison; first we used the synthetic range
data with added noise and second we used real range
data scanned with a commercially available range sen-
sor from SICKIVP. The synthetic ’blox’ image, seen
in figure 1, has 400? measure points and was vox-
elized into a volume of 2563 voxels. In the synthetic

Figure 1. Zoom in on synthetic version of
’blox’ with handmarked corners.

data we handmarked 67 corners and then ran the de-
tectors, equations (7)-(13), and measured correctly de-
tected corner and false positives. These tests were per-
formed for noise-free images as well as for 5 levels of
added noise. The results can be seen in tables 2-3.

dB: 4 12 20 31 44 Inf

D1 542 516 52 514 524 54
D2 534 506 514 51 51 55
D3 51.8 50 50 488 494 51
D4 51.8 49.8 502 48.8 494 52
Op3 554 54 55.8 556 562 57
Rohr3D| 54.8 52.6 554 548 56 56
Laptev 53.8 514 518 512 522 56

Table 2. Correctly found corners per SNR.

From tables 2-3 we see that the all the detectors find
roughly the same amount of corners. We also see that
detectors which use only the third degree invariant are

dB: 4 12 20 31 44 Inf
D1 166.6 68.2 258 132 124 16
D2 151.6 65 234 124 11 13
D3 126.2 57 176 11 10.6 12
D4 128.8 57.8 184 11 10.6 12
Op3 199.8 103.6 536 274 25 25
Rohr3D| 188.8 97 48.8 25 234 27
Laptev 1466 72.8 29 13.8 142 14

Table 3. False positives per SNR.

the most prone to find false positives, i.e. corners we
did not categorize as corners. Detectors using second
and first degree invariants are less likely to find false
positives and less prone to do that as noise increases. In
this test, the detectors using all three invariants are the
most stable ones.

For the real range data we ran the best detectors and
visually inspected the results for some different scaning
directions of a few objects. The implemented detec-
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Figure 2. A scan of a miniature house with
POls detected by D3.

tors do detect POIs on real range data, see 2, but more
testing is needed. From the visual inspection of POIs
detected by the different detector variants it seems the
results on real data are analogous with the results on
synthetic data; using all three invariants of the Harris
matrix results in a more stable POI-detection.

5. Conslusions and Future Work

We have seen that differential-based corner detec-
tors, including previously published ones originally de-
veloped for full-volume data, such as MRI data, do
work for range data if a conservative surface voxeliza-
tion step is performed. From our comparison we see
that using all three invariants of the Harris matrix in the



detector can be beneficial for range data applications.
Eventhough results of running differential-based detec-
tors using voxelized data do look promising, there is
still some work to be done. We would like to extend our
voxelization to a sub-voxel scan-conversion to see how
this might improve the performance of the detector. We
do need to add sub-voxel refinement of the localization
of the POI and we would like to add a scale-space to
our detector implementation. When that work finishes a
new evaluation on real range data were POIs are tracked
under rotation would be fitting. As a final thought one
has to keep in mind that a Harris-based detector are re-
ally only suitable for range data of objects where a high
degree of non-smoother surface-parts do exist.
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