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Abstract

3-D tracking of free-moving objects has to deal with brightness variations pro-
nounced by the shape of the tracked surface. Pixel-based tracking techniques,
though versatile, are particularly a�e cted by such variations. Here, we evaluate
two il lumination-adaptive methods for a novel e�cient pixel-based 3-D tracking
approach. Brightness adaption by means of an il lumination basis is compared to
with a template update strategy with respect to both robustnessand accuracy on
tracking in 6 degrees-of-freedom.

1. In tro duction

Numerous applications in the �elds of robotics, augmented reality, and human-
machine interfaces demand solutions for object related pose tracking. Vision-
basedtracking systemsare particularly interesting owing to their low cost and
high accuracy. The most popular systemsare basedon infrared re
ecting mark-
ers, which can be tracked very robustly. However, these systemsrequire some
kind of augmentation of the target object and require dedicated infrared cam-
eras.

On the other side, passive visual tracking methods o�er a natural way of
tracking objects. Feature-basedtracking techniquesbasedon 3-D edgesand cor-
ners are prevalently stable under changesof illumination but cannot be applied
to free-form surfaces.These techniques are outperformed by pixel-basedtrack-
ing basedon template matching, and therefore are not limited to certain shapes.
However, latter techniquesarea�ected by illumination changesbetweenthe tem-
plates.

This paper comparestwo adaptive methods for direct (pixel-based) tracking
of free-moving objects in 6 Degrees-of-Freedom(DoF) with illumination changes.
Here, an exact registration and not simply a rough match between target and
object template is desired. Thus, accurate models of illumination are required.
The �rst method consideredextends tracking to more parameters including the
coe�cien ts of an illumination base.The secondmethod updates the tracked 3-D
texture template over time. Thesemethods are evaluated with regard to object
velocity and accuracyof the tracked pose.



1.1. Previous W ork

Sum-of-squareddi�erences (SSD) alignment reachesback to the work of Lucas
and Kanade [9] upon which many 2-D tracking algorithms are based.The work
did alsoconsidercontrast and brightnessadjustment within the SSDdescription
of the problem. Extending this tracking method to 3-D requires an e�cien t
formulation of the problem which proves to be increasingly demanding toward
full 6-DoF motion.

Diehl et al. [7] developed a fast method for tracking 4-DoF motion of planar
objects where illumination e�ects are neglected.If a referencetexture is regis-
tered to the model, then planar tracking can be extended to more DoF. Baker
et al. [1] solve the 8-D homography while Buenaposadaet al. [4] compute the
6-DoF motion explicitly without taking changesin illumination into account.

La Cascia et al. [5] use numerical di�erence decomposition to minimize the
residual error of the projected surface texture from the current view to the
referenceview. Variations in illumination are compensatedby using illumination
templates along the lines of Hager and Belhumeur [8].

Somee�orts have been undertaken to upgrade tracking of primitiv e planar
surfacesto more general surfaces.Cernuschi-Frias et al. [6] presented an esti-
mation model for simple parameterizedsurfacesby matching two views on the
surface.The approach is basedon an orthographic imaging model and has been
evaluated for up to 4-DoF geometric surfacesand without handling of illumina-
tion changes.The approach of Seppet al. [12] iterativ ely estimates the poseof
3-D free-form surfacepatches in stereo images.A small stereo baselineensures
that illumination changeson the surface, including shadows, neednot be mod-
eled explicitly . The computational expenseof the method however does not �t
the requirements for tracking at frame rate. Recently , Rameyet al. [11] wereable
to track the coe�cien ts of a b-spline 2 1/2-D surfacein stereoimages.They used
the zero-meanSSDascomparisonmeasureto gain robustnessagainst brightness
variations. Promising results have beenachieved by Belhumeur et al. [2] whose
approach establishesthe basis vectors for an optical-
o w (pose) subspaceand
an illumination subspace.The coe�cien ts of thesevectorsare mapped to 6-DoF
object motion under the orthographic projection model. The method, however,
has the drawback of a long training session.

Recently Seppet al. [13] presented an approach capableof tracking arbitrary
3-D surfacesin 6-DoF under full perspective projection in real-time. Yet, this
approach has not been evaluated under illumination changes.In this paper we
empirically evaluate two illumination-adaptiv e methods for a similar approach.

2. Direct metho d for trac king in 3-D

The 3-D surface patch to be tracked is modeled as an arbitrary set of points
X = f x0; x1; ::; xN g � IR3. No assumption is made about the topology of the
points such as for instance a 2-D grid. Therefore, no constraints other than
visibilit y are imposedon the surface.The rigid body transformation of a point
x 2 X is described by

m(x; � ) = R(� ) x + t(� ) (1)



for a pose� 2 IR6 and the associated 3-D rotation R(� ) and translation t(� ).
A point in camera frame is mapped to the image under the full perspective
projection
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where K 2 IR3� 3 is the matrix of intrinsic camera parameters. Let I (u) be
a brightness value of the current image of a live stream at position u 2 IR2

and let T(u) be the brightness value for the reference image. In the following
pI (x) � I (p(x)) and p0 T(x) � T

�
p
�
m

�
x; � 0

� ��
.

With thesede�nitions, tracking is formulated asminimization problem ^� �
?

=
argmin � � O(� � ) of a least-squares,compositional objective function

O(� � ) =
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[pI (m(m(x; � � ); �̂ )) � p0 T(x)]2 : (3)

This error function measuresthe dissimilarit y betweenthe surfacetexture in the
current view under the chained poses� � ,�̂ and the texture in the referenceview
under the initially registeredpose� 0. The posevariation ^� �
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The above objective function is minimized with a Gauss-Newtonapproximation
to the Hessianby repeatedly solving the linear equation system
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for the posevariation ^� � . In practice (5) is not e�cien t sincethe imageJacobian
has to be recomputed for every frame in the live-stream. Here, the computa-
tional expensecan be lowered by taking advantage of an approximativ e image
constancyassumption1 in 3-D at the optimal pose�̂ � ^� �
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The spatial gradient remains constant under this approximation, that is
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1 The extended image constancy assumption holds if the surface normal is parallel to
the camera ray under the current and the initial rigid body transformation.



where operator @i denotesthe derivative of the following function with respect
to their i -th argument. Thus, the image Jacobian of (5) simpli�es to
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Sincethe Jacobian is evaluated at � � = 0, it can be further simpli�ed to

@� �
pI (m(m(x; � � ); �̂ )) = @1

p0 T(x) � @2m(x; 0) (9)

under the assumption that m(x; 0) equals the identit y transformation. Hence,
the image Jacobian and Hessianare constant in the compositional framework
for every live-streamimage.

While the image constancy assumption holds in 2-D leading to the inverse
compositional method of Baker and Matthews [1] this equality is only approxi-
matively satis�ed for generalsurfacesin 3-D.

3. Illumination Adaptiv e Metho ds

The objective function (3) doesnot considerillumination changesof the surface
texture due to a moving object or moving light source. In the following, two
methods are consideredto cope with thesee�ects.

3.1. Illumination Subspace

Belhumeur and Kriegman [3] proved that illumination variation form a convex
polyhedral conein IRN . That is, an imageand its illumination changescan be re-
constructedby a linear combination of orthogonal imagevectorsB 1; B 2; : : : ; B M .
So, illumination compensation is addedto the objective function (3) in the form

O(� � ) =
X

x 2 X

[pI (m(m(x; � � ); �̂ )) + xB � � p0 T(x)]2 ; (10)

where xB = (xB1; xB2; : : : ; xBM ) is a row vector of brightness values of the
illumination base for model point x and � is the parameter column vector of
coe�cien ts to this illumination base.The overall parametersare determined in
accordancewith [8] by the solution of the linear equation system
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for posevariation ^� � and illumination coe�cien ts �̂ . Note, that omitting illumi-
nation compensation in the image constancyassumption allows for the e�cien t
minimization techniques of Sect. 2.



3.2. Template Up date Metho d

Matthews et al. [10] developed a strategy for updating a tracked template with-
out drifts betweenthe updated template and the original one.At the i -th image
of the live-stream,minimization starts at the previousposeestimation �̂ ?

i � 1 with
an updated template p0 Ti which readsfor compositional tracking
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The �nal poseestimation reads�̂ ?
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i and the template is updated

following the rule
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Thus, the template is updated only when subsequent minimization with the
referencetemplate leads to the same minimum. Here, this strategy is used to
update the brightnessappearanceof the tracked surfacein order to account for
changing illumination conditions.

4. Evaluation

In the following, experiments areperformedon a standard Pentium Xeon1:7GHz.
Video images are gathered with a interlaced camera at PAL resolution and
56� � 48� horizontal and vertical apertures. The internal parametersof the cam-
era together with the distortion coe�cien ts for a 3rd degreepolynomial distortion
model are determined o�ine.

The test set consists of two objects. The �rst surface patch is part of the
label of an ordinary 1:5l soda bottle. The patch is modeled as a 83:17� segment
of a cylindrical body of radius 4:6cm. Sampling at intervals of 1mm produces

Fig. 1. Texture-registered 3-D point cloud of the objects bottle and sculpture.



Fig. 2. Screenshotsof the tracked sequencesbottle and sculpture. The region of the
tracked 3-D model points is manually outlined for better visualization.

4624 surface points. The secondsurface is the face of a sculpture. By using a
3-D digitizing system, 36683-D points of this object are acquired.

The referencetextures of the objects are acquired prior tracking. For the
�rst object, the referenceimage is manually registeredto the corresponding 3-D
model (seeFig. 1). The point cloud of the sculpture is automatically registered
with the image using the same3-D digitizing system as mentioned above.

A video stream of the objects is recordedat 25Hz starting from the vicinit y
of the referencepose(seeFig. 2). Four di�eren t object velocities are simulated
by sub-sampling the sequencewith di�eren t step sizes. In order to cope with
real-world (computing) constraints the number of total minimization steps is
limited to 22. In the caseof the update strategy, the �rst 14 stepsare performed
with the updated template. The dimensionality of the illumination subspaceis
set to 2 for sequencebottle and to 3 for the sequencesculpture.

4.1. Robustness

The �rst experiment evaluates the gain in robustnessof the two methods for
brightness adaption. Increasing the target velocity implicitly acceleratesthe
brightnessvariation on the surface.Thus, improved robustnesswould result in a
persistent sequenceof the tracked target. Table 1 reports the number of frames

bottle vel 1 vel 2 vel 3 vel 4

compositional 719 319 137 1
+ill. subspace 528 258 137 1
+template update 719 350 137 102

# of frames 719 359 239 228

sculpture vel 1 vel 2 vel 3 vel 4

compositional 903 451 287 205
+ill. subspace 903 431 284 100
+template update 903 451 286 215

# of frames 903 451 301 225

Table 1. Robustness under di�eren t velocities of sequencesbottle and sculpture. The
tables shows the number of successfully tracked frames.



successfullytracked until the object was lost. The use of the illumination sub-
spacedegradesthe compositional approach for sequenceswith fair illlumination
changeswhile the template update strategy clearly improvesoverall robustness.

4.2. Accuracy

The secondexperiment comparesboth methods for brightnessadaption regard-
ing their accuracy. Retro-re
ecting markersare attached to the bottle object and
tracked with a commercially available system. The missing coordinate transfor-
mation of marker frame to object frame and world frame to camera frame are
estimated o�ine by meansof least-squares�tting over a tracked sequence.
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Fig. 3. Cartesian 6-DoF tra jectories of sequencebottle at velocity 2 for tracking with
the illumination subspacemethod or the template update strategy. The tra jectories
match the ground truth until the target was lost.

Figure 3 shows the tra jectories of the tracked sequenceat velocity 2 while
Table 2 reports the standard deviations to the ground-truth tra jectories. The
standard deviations and the displayed tra jectories show the superiorit y of the
template update strategy for illumination adaption.

5. Summary and Conclusions

Tracking in the 2-D image plane has been recently extended to 3-D with 6
degrees-of-freedom.Here, we proposeda novel method for e�cien t 3-D tracking
and evaluated two adaptation methods for brightnessvariations.

The experiments qualitativ ely and quantitativ ely showedthat extending track-
ing to more parameters,e.g. for an illumination subspace,degradesthe tracked
6-DoF poses.On the other hand, the template update strategy of Matthews et
al. [10] increasesboth, robustnessin tracking and accuracy in the tra jectories
and is therefore the method of choice for tracking objects in 6-DoF with the
proposedcompositional approach.



bottle � rx [� ] � ry [� ] � rz [� ] � tx [mm] � t y [mm] � tz [mm]

compositional 0.29 0.58 0.12 0.17 0.32 0.38
+ill. subspace 0.35 0.75 0.16 0.19 0.32 0.48
+template update 0.22 0.25 0.10 0.15 0.32 0.28

Table 2. Accuracy over the �rst 250 frames in sequencebottle with velocity 2.
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