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Abstract

This paper presents a new method for tracking fea-
ture points on the textureless surface of a moving object.
We employ a local image basis as a descriptor of each
point for dealing with intensity variances due to the rel-
ative motion of the object to the light source. In par-
ticular, we propose to adaptively update the basis for
enhancing its capability as the tracking proceeds. We
show that the performance of the method further im-
proves when it is coupled with Harris feature detector
at a very large integration scale.

1 Introduction

Tracking feature points on a moving object is an im-
portant basic task for estimating the motion of the ob-
ject or reconstructing its 3D structure from multiview
images. Feature points should be specified on the ob-
ject’s surface in a way that their locus are continuously
identified throughout the object’s motion and they are
typically detected where high image gradients are ob-
served in various directions [4, 15]. The task of tracking
is then to determine the corresponding points in subse-
quent images by comparing the local intensity distribu-
tions. Given an image sequence with relatively small
motion from frame to frame, a popular technique for
tracking is to minimise the sum of squared differences
of images intensities [14], usually referred to as SSD.

One of the difficulties in finding the correspondence
is to deal with illumination variance which occurs due
to the relative motion to the light source. The work of
Jin et al. [5] effectively extended the algorithm of Shi
and Tomasi [14] to take account changes in illumination
by an iterative optimisation, but the results are demon-
strated working for only well textured object when the
camera (not the object) is subject to motion. Although
one can also eliminate obvious matching failures which
are caused for example by specularities as outliers [17],
spurious matchings as a group will be problematic. In
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particular, any points can easily drift on textureless sur-
faces whose irradiance is mainly governed by shading.

The goal of this paper is to develop an efficient tech-
nique for feature tracking on textureless surfaces both
in terms of detecting feature points and describing the
neighbouring image intensities. Our strategy is to cope
with varying effect of illumination by employing the no-
tion of local image basis. The idea is related to the work
in [3] that incorporated a general illumination model '
into motion estimation of large image regions to com-
pensate for the minimisation of SSD. We apply the prin-
ciple of the general model to local feature points rather
than to large image regions such as an entire face, as
suggested in [3]. Although they are required to capture
extra images of the object in a static pose under various
lighting conditions in advance, we propose to generate
local image bases in the course of tracking. Further, we
adaptively update the basis so as to improve its ability
as a descriptor as the tracking proceeds. We also report
our finding in choosing appropriate feature points that
are suitable for tracking on a textureless surface.

2 Tracking Overview

Let us consider an image sequence [;(x), with x,
the coordinates of an image point, and j, an index of
the frame number. Given the time sampling frequency
is sufficiently high, conventional trackers assume that
small image regions are displaced but their intensities
remain unchanged. The tracker’s task is then to com-
pute the displacement, d, for a number of selected
points for successive frames in the sequence. Namely,
the problem has been treated to find such d which min-
imises the SSD residual in the following function (al-
though we will introduce an alternative)

e=Y [(Li(x+a) = I;) = (Ij-1(x) = -] (1)
w
where JV is a small image window centred on the point
for which d is computed. I indicates the average inten-
sity in the region considered and the subtraction of it is

LAll the images of the same Lambertian surface under different
lighting conditions lie in a 3D linear subspace of the space of all pos-
sible images of the surface [13] in the absence of self-shadowing.









Figure 2. Tracking results for “Venus” at every fourth frame. Top: Zero mean SSD. Bottom:

Proposed method.

Figure 3 shows an example of local linear image ba-
sis which is computed and updated on the right end of
the mouth of “Venus”. The deformed local patches,
L;|j=1,.. 4, and the initial basis, by 2 3 are in the left.
The basis is shown in descending order of the corre-
sponding singular values, from the left to the right, and
the fourth (rightmost) is thus the residual. Lj| j=1,....4
include only small intensity variations between the
frames and the computed basis of lower order turns
out to be noisy; the third base, bs, looks like residual
as the fourth one. In the right are new input patches,
L; | j=1,12,15,16, in Which more variation of illumination
is involved. The updated basis reflects 3D aspect of the
surface more effectively as obvious in by and bs. Fig-
ure 4 shows how the evaluation ratio, r(j), is updated
as the tracking proceeds. r(j) is initially about 2.0 but
increases especially in several frames after the initialisa-
tion, indicating that the ability of the basis is enhanced
to account for the illumination variances.
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Figure 3. Left: Patches tracked in the first
frames (top). Computed basis (bottom).
Right: New inputs and updated basis.
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Figure 4. The evaluation ratio of a local im-
age basis, r(j) = 03/04, in each frame.

To evaluate the performance of the tracking quantita-
tively, we computed average distances of tracked points
to epipolar lines. We first computed the affine fun-
damental matrices by using the coordinates of tracked
points in each frame up to the 20th frame. We then
drew epipolar lines in the first frame by using them and
checked the average distance. Since the distance should
become zero when perfect matchings were available,
we can employ this value as a measure of tracking ac-
curacy.

Figure 5 shows the average distances plotted for each
frame (initial frame is numbered zero), for each case
of using linear image bases and zero mean SSD. For
comparisons, the results are shown for two different sets
of feature points detected with different values of o;:
1.0 and 10.0 (See Figure 1). In the graph "H’ and °L”
stands for the two cases, respectively. We can observe
that the smallest error (distance) is achieved in the case
of L-Basis, i.e. when the points detected at oy = 10.0
are tracked by using the linear image basis. The error
increases more drastically when using zero mean SSD
regardless of the choice of the point set.
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Figure 5. Average distances (in pixels) of
tracked points from epipolar lines.



7 Summary

We have tackled the ill-posed problem of track-
ing feature points on a textureless surface and shown
promising results by (i) employing a local image basis
as a descriptor of each feature point which we (ii) de-
tect by Harris measure at a very large scale. In particu-
lar, we proposed to (iii) update the bases as the tracking
proceeds so that it can accommodate varying effect of
illumination. Future work will be directed to evaluate
the algorithm using more data, e.g. involving specu-
larities, in comparison to other related approaches [12],
and to select the optimal derivation scale [6] for feature
detection by automatic scale selection.
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