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Abstract. In registration-based tracking precise pose between a refer-
ence template and the current image is determined by warping image
patches into the template coordinates and matching pixel-wise intensi-
ties. E cien t such algorithms are basedon relating spatial and temporal
derivativ esusing numerical optimization algorithms. We extend this ap-
proach from planar patchesinto a formulation where the 3D geometry of
a sceneis both estimated from uncalibrated video and usedin the track-
ing of the samevideo sequence Experimentally we compare convergence
and accuracy of our uncalibrated 3D tracking to previous approaches.
Notably, the 3D algorithm can successfullytrack over signi cantly larger
pose changesthan onesusing only planar regions. It also detects occlu-
sions and removes/inserts tracking regions as appropriate in response.



1 Intro duction

In visual tracking pose parameters of a moving cameraor object is extracted
from a video sequenceOne way of classifying tracking methods is into feature
based,segmetation basedand registration based.

In feature basedtracking a feature detector is usedto locate the image pro-
jection of either special markers or natural image features. Then a 3D pose
computation can be done by relating 2D image feature positions with their 3D
model. Many approacesuseimage contours (edgesor curves)that are matched
with an a-priori given CAD model of the object [1{3]. Most systemscompute
pose parametershby linearizing with respect to object motion. A characteristic
of thesealgorithms is that the feature detection is relatively decoupledfrom the
posecomputation, but sometimespast poseis usedto limit seart ranges,and
the global model can be usedto exclude feature mismatches|[1,4].

In segmetation basedtracking somepixel or areabasedproperty (e.g. color,
texture) is usedto binarize an image. Then the certroid and possibly higher
momerts of connectedregionsare computed. While the certroid and momerts
are su cien t to measure2D image motion, it is typically not usedfor precise3D
tracking alone, but can be usedto initialize more precisetracking modalities [5].

In registration based tracking the pose computation is based on directly
aligning a referenceintensity patch with the current image to match ead pixel
intensity ascloselyaspossible.Often a sum-of-squareddi erences (e.g. L , horm)
error is minimized, giving the technique its popular name SSD tracking. This
technique can also be usedin image alignmert to e.g. create mosaics[6]. Early
approacesusedbrute force seard by correlating a referenceimage patch with
the current image. While this worked reasonablywell for 2D translational mod-
els, it would be unpractical for planar ane and projective (homography) im-
agetransforms. Instead, modern methods are basedon numerical optimization,
wherea seard direction is obtained from imagederivatives.The rst suc meth-
ods required spatial image derivativesto be recomputed for ead frame when
\forw ard" warping the referencepatch to t the current image [7], while most
recenly, e cien t \in verse"algorithms have beendeweloped, which allow the real
time tracking for the above mentioned 6D a ne [8] and 8D projective warp [9].
A related approadc [10,11], where instead of using spatial image derivatives, a
linear basisof test image movemerts are usedto explain the current frame, have
proved equally e cien t as the inverse methods during the tracking, but suer
from much longerinitialization timesto compute the basis,and a heuristic choice
of the particular test movemerts.

In this paper we extend the registration basedtechnique by involving a full
3D scenemodel, estimated from the sameuncalibrated video, and useddirectly
in the computation of the motion update between frames. Hence, we are able
to utilize generalimage patchesin a general 3D scene,and directly track the
rotational and translational camera-scenanotion from image di erences. Some
advantagesof using a global 3D model and surfacepatchesare that only surfaces
with saliert intensity variations needto be processedwhile the 3D model connect
these together in a physically correct way. We shov experimertally that this



approad yields more stable and robust tracking than previousapproaces,where
ead surfacepatch motion is computed individually .

The rest of the paper is organizedas follows: we start with a presenation of
the generaltracking algorithm in Section2, and then presen the details for useful
combinations of motions (3D modelsand 2D planar imagewarps) in Section3. A
complete model acquisition and tracking systemalgorithm is descriedin Section
4. The qualitativ e and quartitativ e evaluation of the algorithm is preseried in
Section 5 followed by conclusionsand a discussionin Section 6.

2 General trac king problem form ulation

We considerthe problem of determining the motion of arigid structure through a
sequenceof imagesusing imageregistration. A sparse3D structure for the model
described by 3D points Y, i = 1;N is calculated in a training stage using
uncalibrated structure from motion techniques (see Section 4). The structure
points de ne M imageregionsthat are trackedin the sequenceEach region R
is determined by a number of cortrol points Y y; that de ne its geometry. For
example, a planar surfaceregion can be speci ed by 4 corner points. The model
points are projected onto the imageplane using a projective transformation. First
we dewvelop the general theory without committing to a particular projection
model and denote the general3 4 projection matrix for imagel by P;. Hence,
the model points are projected in image | using:

yi = PtYi; i= 1N (1)

Let xx = fx1;X2;:::Xk, g denote all the (interior) image pixels that de ne
the projection of region R in imagel . Wereferto | o = T asthe referenae image
and to the union of the projections of the model regionsin T, [ «T(xk) asthe
reference template The goal of the tracking algorithm is to nd the (camera)
motion P; that bestalignsthe imagetemplate with the current imagel;. A more
preciseformulation follows next.

Assumethat the image motion in imaget for ead individual model region k
can be perfectly modeled by a parametric motion model W (xx; (Pt;Y k)) where

are 2D motion parametersthat are determined by the projection of the region
cortrol points yy; = PY ;. As an examplefor a planar regionthe corresponding
4 control points in the template image and target imaget de ne a homograpty
(2D projective transformation) that will correctly model all the interior region
points from the template imageto the target imaget. Note that the 3D model
motion is global but ead individual region hasa di erent 2D motion warp Wy.
For simplicity, the 2D warp is denoted by W (xx; (pt)) where p; are the 3D
motion parametersthat de ne the cameraprojection matrix P;.

Under image constancy assumption [12] (e.g. no illumination change) the
tracking problem can be formulated as nding p: sud as:

[kT(xk) = [ klt(W(xk; (pt)) (2
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Fig. 1. Overview of the 2D-3D tracking system. In standard SSD tracking 2D surface
patches are related through a warp W between frames. In our system a 3D model is
estimated (from video alone), and a global 3D posechange P is computed, and used
to enforce a consistert update of all the surface warps.

Pt = Pt 1 p can be obtained by minimizing the following objective function
with respectto p:

[T(x) Wi (pe 2 PP ®3)
k X

For e ciency , we formulate the problem as an inverse compositional algo-
rithm [9] that switchesthe role of the target and template image. The goalis to
nd p that minimizes:

[TW; (P)) (W (xi; (pe 1))]? (4)

k X

wherein this casethe 3D motion parametersare updated as:
Pt = inV( P ) Pt 1 (5)

The notation inv( P ) meansinverting the 3D motion parametersin a geomet-
rically valid way that will result in inverting the 3D motion, i.e. in the casewhen



P = K|[Rjt] is a calibrated projection matrix, the inversemotion is given by
inv(P ) = K[RY R%] (seeSection 3). Refer to Fig. 1 for an illustration of
the tracking approadc. As a consequencejf the 2D warp W is invertible, the
individual warp update is

W(x; (p0) = W ( p) 1 WXk (pr 1)) (6)
Performing a Taylor extensionof Eq. 4 gives:
o [T(W(xk; (0)) +r T%% P (W(Xk; (P)))] )

Assumingthat the 3D motion for the template imageis zero(which canbe easily
achieved by rotating the model in order to be aligned with thq3 rsp frame at the
beginning of tracking), T = T(W(x«; (0))). DenotingM =, _r T%%,
Eq. 7 can be rewritten as:

M p=e (8)

where e; represents the image di erence between the template regions and
warped image regions. Therefore the 3D motion parameterscan be computed as
the solution of a least square problem:

p=(M"M) ‘MTe 9)

) P P v @

The stepest descem imagesM = | r TG @ are evaluatedat p = 0
and they are constart acrossiterations and can be precomputed, resulting in an
ecient tracking algorithm that can be implemented in real time (see Section
4).

Computing step est descent images

We compute the stepest descem images from spatial derivatives of template
intensities and inner derivativesof the warp. As mentioned before,the 2D motion
parameters for aregionk are functions of the 3D parametersp, the 3D control
points Y; and the position of the cortrol points in the template imagey ;. The
projection of the points in the current imageyy; = PY; are mapped to the
template image cortrol points through the 2D warp W ( (p)) using:

Yo = W( (P)(PYyj); ] = LNk (10)
The warp W is a composedfunction, and its derivativescan be calculated as:
av_ave
@ @ @

The warp derivatives with respect to the 2D motion parameters are directly
computed from the chosenwarp expression(see Section 3 for someexamples).
The explicit dependencybetweenthe 2D parameters and the 3D motion pa-
rametersp is in generaldi cult to obtain, but Eq. 10 represerts their implicit
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dependency so % are computed using implicit function derivatives. Assume
that Eq. 10 can be written in the form (seeSection 3 for someexamples):

A(p) (p) = B(p) 11)
Taking the derivativeswith respect to each componert p of p:

@\ @ _ @

— +A—= — 12

@ e @ 42

For a given p value can be linearly computed from Eq. 11 and then % is

computed from Eq. 12.

3 Practically useful motion models

Dierent levels of 3D reconstruction - projective, a ne, metric Euclidean - can
be obtained from an uncalibrated video sequencg13]. A projective reconstruc-
tion gives more degreesof freedom (15 DOF) so it might t the data better
under di erent noise conditions. On the other hand, tting a metric structure
will result in a stronger constraint, and fewer parameterscan represert the model
motion (6DOF). For our tracking algorithm we will investigate two levels of ge-
ometric models reconstructed under perspective cameraassumption - projective
and metric. The 3D motion of the model results in 2D motion of the regionsR g
on the image plane.

As mertioned before, the 2D motion is determined through the regions' con-
trol points. Di erent motion approximations are common for the 2D-2D image
warps. Warps with few parameters (e.g 2D translation) is in general stable for
small regionsor simple motion. To better capture the deformation of the region,
more parametersshould be consideredbut in generaltracking with thesewarps
needlarge surfaceareaor stabilization from a 3D model. A natural parametriza-
tion, that also correctly capture motion of planar regions, would be a homog-
raphy warp for a perspective cameramodel (projective or Euclidean) and an
ane warp for a linear camera model (orthographic, weak perspective, para-
perspective). The next subsectionsgive concrete examplesof how the tracking
algorithm can be applied to three types of useful combinations of motions: an
Euclidean model with small translational patches,or larger homograpty patches,
and a projective model with small translational patches.

3.1 Euclidean model with translational warps

A perspective calibrated camerahas the following form in Euclidean geometry:

P = K[Rjt] (13)
where the internal parametersare:
2 3
a.u S Uc
K=40a v?> (14)

001
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R = Rx( x)Ry( y)Rz( ;) represeits the rotation matrix andt = [ty;ty;t,]" is
the translation vector. Sothe 3D motion parametersarep = [ x; y; z:;tx;ty;tz].
A translational warp is controlled by one model points for ead region and has
the form:

W(Xk; )= Xg+ (15)

where = [ ; y]" is the 2D image translation vector and is computed from
the motion of the control point Y\ using:

(p) = yox  KI[Rjt]Y« (16)

@

The inner derivatives @ and
without needingthe implicit func

can be directly computed from Eq. 15,16
ion formulation.

=8

3.2 Euclidean model with homograph y warps

The image motion of a planar patch can projectively be modeled using a ho-
mography warp that is determined by at least 4 cortrol points Y ;. Denote the
projection of the cortrol points in the current imageby y; . With the Euclidean

cameramodel, yx; = KI[Rjt]Yx;. A homograpty can be represeried using 8
independert parameters =[ 1 2 3 4 5 6 7 8] :
2 3
1 2 3
W(xe; )=4 4 5 62Xk = Hxy (7)
7 81

The explicitly dependencyof the 2D warp parametersasfunction of 3D motion
parametersis di cult to obtain analytically in this case,but we can apply the
method described in Section 2 to compute the inner derivatives % using the
implicit dependencyfrom Eq. 10:

Yoi = Hyxj j = LNk (N 4) (18)
which can be put in the form of Eq. 11 A(p) = B(p) with

2
Yir Vi 1 6 00 y§1y§1 y§1y§1
0 0 O0Viy Yia 1l  VYiYor VYiYor
A(p)=& (19)
Yk Yk 1 ? g 0 y%KyéK ngyc:)K
0 0 Oyik Yix 1 Yik Yok Yik Yok

B(p) = [yow: Yot i Yo Yok 1" (20)

where [y,%j ;ylfj :1]" are the normalized homogeneouscoordinates for y ;.



3.3 Pro jectiv e model with translational warp

This last exampleis very similar to the rst oneexceptthat the 3D motion is rep-
reseried by a projective3 4 cameramatrix P with 11independert parameters
p = [p1p2:::p12]". The 2D warp parameters are related to p,:

(P) = yok PYk (21)

The translational warp is given by Eq. 15.

This model preserts di ucilties in calculating a unique and numerically stable
inverseof the 3D motion, asrequiredin Eq.5. To avoid this problem, while we still
compute a global motion update p instead we update ead warp independertly
asin Eg. 6. This solution is closerto the original SSD tracking algorithm [9, 8]
and, as demonstrated by the experimental results, performs worsethat our new
algorithm described in Section 2, but still better than the simple unconstrined
SSDtacker.

4 Tracking system and model aquisition

We incorporated the proposed3D tracking algorithm is a systemthat initializes
the model from 2D image tracking over a limited motion in an initial video
segmen and then switchesto track and re ne the model using 3D model based
tracking. The main stepsin the implemented method are:

1. Sewral saliert surface patches are selectedin a non-planar con guration
from a sceneimage and tracked in about 100framesusing standard (planar)
SSDtrackersasin [9,8].

2. From the tracked points a 3D model is computed using structure from motion
and the strati ed uncalibrated approach [13] (projective reconstruction that
is upgradedto a metric structure using automatic self-calibration). There are
seweral well known estimation algorithms to recover the projective structure
and motion of a sceneusing the fundamertal matrix (2 views), the trilinear
tensor (3 views) or multi view tensorsfor more than 3 views. In our system
we usedthe method developed by Urban et all [14] that estimatesthe tri-
linear tensorsfor triplets of views and then recovers epipolesfrom adjoining
tensors. The projection matrices are computed at once using the recovered
epipoles. New views are integrated through the trilinear tensor betweenthe
new and two previous views. Assuming that the camerashave zeroskew and
aspect ratio (ay = a, and s = 0) and the principal point (uc,v¢) is approx-
imately known, the Euclidean projections is recovered using self-calibration
[15]. Thereis still an absolute scaleambiguity that cannot be recoveredwith-
out additional metric scenemeasuremets, but sincethis scaleremains xed
over the sequencewe can usea 6DOF Euclidean motion model for tracking
betweenframes.

3. The 3D model is related to the start frame of 3D tracking using the 2D
tracked points y; and cameramatrix computed using resection (non-linear



for accuracy)from y; $ Y; 2D-3D correspndences.Then the model based
tracking algorithm is initialized by computing the stepest descen imagesM

at that position. The tracking is now cortin ued with the 2D surfacepatches
integrated in the 3D model that enforcesa globally consistert motion for all
surfacepatches.

4. New patchesvisible only in newviewsare addedby rst tracking their image
projection using 2D tracking then computing their 3D coordinates through
intersection in n 2 views then incorporate them in the 3D model. In
the current implementation the user speci es (clicks on) the image control
points y; that will characterize the new surfacesbut in the future we plan
to automatically selectsaliert regions.

5 Exp erimen tal results

Two important properties of tracking methods are corvergenceand accuracy
Tracking algorithms based on a optimization and spatio-temporal derivatives
(Eq. 7) can fail to converge becausethe image di erence between consecutive
framesis too large, and the rst order Taylor expansionaround p; 1is no longer
valid, or somedisturbance causeshe image constancyassumptionto be invalid.
In the numerical optimization the poseupdate p is computed by solving an
overdetermined equation system, Eq. 8. Each pixel in a tracking patch provides
oneequation and eady model freedom(DOF) onevariable. The condition number
of M aects how measuremen errors propagateinto p, and ultimately if the
computation convergesor not. In general,it is moredi cult to track many DOF.
In particular, modelsW which causevery apparert image change,such asimage
plane translations are easyto track, while oneswith lessapparert image change
such as scaling and out-of-plane rotations are more di cult. A general plane-
plane transform such asthe homography contains all of theseand tend to have
a relatively large condition numbers. By tracking a 3D model, the corvergence
is no longer solely dependert on one surfacepatch alone, and the combination of
di erently located and oriented patchescan give an accurate 3D poseestimate.
In Fig. 2 planar regionsin the image sequenceare tracked using an 8DOF
homography. When ead patch is tracked individually (top images)the rst re-
gion is lost already after 77 frames and all lost after 390 frames. (See supplied
videol left). The condition numbersfor M varies between5 10° and 2 107,
indicating a numerically ill conditioned situation. When instead the regionsare
related by the global 3D model, poseis successfullytracked through the whole
sequenceof 512 frames(videol right). Additionally the model allows the detec-
tion and removal of the region on the left roof side when it becomesoccluded
and the introduction of three new regionson the right roof side and the smaller
outhousewhen they comeinto view. The condition number of the 6DOF (3 rot,
3 trans) model is 900, which is signi cantly better than the 8DOF homography.
The next experiment usesa simpler 2DOF translation model to relate regions
asdescribedin Sections3.1and 3.3, and either an Euclidean or Projective global
3D model. In Fig. 3 three casesare compared.In the rst, (gure top and video2
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Fig. 2. Top Tracking individual patches using a homography. Not all regions can be
tracked thought the whole sequenceand occlusion is not handled. Bottom Through
the 3D model each region motion is rigidly related to the model, and tracking succeeds
through the whole sequence.The model also allows detection and removal of occluded
regions and intro duction of new regions. Seesupplied videol

left) no model is is used,and almost half of the region trackers are lost starting
already from frame 80. Becauseonly 2D spatial x and y derivativesare usedin
M the condition nhumber is very low at an averagel.3. In the middle sequence,
a projective model is used to relate the regions. This stabilizes the tracking
until about frame 400, where onetracker is slightly o target and further about
430 someare lost due to occlusion. The projective model has 11 DOF and the
condition number is quite high at 2 10%. In the nal (gure bottom) sequence
a Euclidean model relates the trackers, and provides handling of occlusions.
The condition number is a reasonable600, and the whole 512 frame sequencds
successfullytracked.

In the nal experiment we ewaluate the accuracyby tracking four sidesof a
cube textured with a calibration pattern, seeFig. 4. For ead frame we superim-
posethe warped image onto the template, displaying ead using separate color
channels.Henceany misalignmert can be seenas color bands betweenthe white
and black squares.We measuredthe width of these bands and found that for
the Euclidean model with homography warps on averagemisalignmerts wereless
than 1 pixel, and worst caseover seeral hundred frameswas 2 pixels. The 3D
model will constrain the relative location of the regions,and inaccuraciesin the
estimated model causeghe (small) misalignmerts we obsened. In the caseof no
3D model and tracking with homography warps alone the regionswould even-
tually losetrack (as in the previous housesequence).But for the frameswhen
they corvergedalignment was very good, with an error signi cantly lessthan a
pixel. This is to be expected sincethe homography parametersallow exactly the
freedomsneededto warp planar surfacesinto any cameraprojection.
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Fig. 3. Top Translation tracking of individual regions. Though the video sequence
many patches are lost. Middle A projective 3D model is used to relate the regions,
and provide more stable tracking through the whole sequence.Bottom An Euclidean
model relates the region, and also allow the intro duction of new regions. video2

6 Discussion

We have shovn how a 3D scenemodel, estimated from imagesalone, can be
integrated into SSD region tracking. The method makes tracking of a-priori
unknown scenesnore stable and handlesocclusionsby remaoving and intro ducing
tracking regionsas appropriate when new views becomeavailable.

In combining di erent typesof 3D global models and 2D region warps we
found that

{ Tracking planar regions using an 8DOF homograply without a 3D model
is unstable due to the many DOF estimated, but limited image signature
available from geometric change of only one planar patch.

{ On the other hand, using the estimated 3D model we constrain multiple
individual patchesto move in a consistert way and achieve very robust and
stable tracking of full 3D poseover long sequences.

{ With somelossin generality and magnitude of maximum trackable pose
changethe 8DOF homography canbe replacedby simple 2DOF translational
trackers. Each individual such tracker hasto useonly a small image region
sinceit doesn't deform projectively, but instead many regionscan be used.
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Fig. 4. Accuracy experiment. Left Sceneimage. Right current image and template
superimposedindicate accurate alignment video3

Using 2DOF regions and either an Euclidean or projective 3D model this
gives almost as good tracking as the homography + 3D model, and makes
execution somewhatfaster.

Convergencen the last case(translational only warp) over large angular changes
in cameraviewpoint can be improved by using a few view-dependert templates,
ead asseiated with a smaller angular range, and switch thesein and out de-
pending on the current angular posecomputed from the 3D model. While this
introducesa risk for drifts and errors from the templates being slightly o set,

in practice we have found it works well using 5-10di erent templates over the
visible range of a patch.

Visual tracking hasmany applications in e.g.robotics, HCI, surveillanceand
model building. Tracking and modeling are interrelated in that (as we have
shown) a model improves tracking, and tracking can also be used to obtain
the image corresppndencesneededfor a model. In unstructured ernvironments
this usedto presen a chicken-and-egglike problem: Without a model it was
dicult to track, and without tracking onecouldn't obtain a model. Our method
integrates both into a system which is started by de ning regionsto track in
only a 2D image. First 2D tracking is used over an initial video segmen with
moderate pose changeto obtain point correspondencesand build a 3D model
from imagedata. After the modelis built the systemswitchesto 3D tracking and
is now ready to handle large pose changesand provide full 3D pose (rotation,
translation) tracking.

A main feature of our method is that 3D posechange P is computeddirectly
from imageintensity derivativesw.r.t. P. Note that this guaranteesthe best 3D
poseupdate available from the linearized model (here using L ; norm, but other
e.g.robust norms are also possible[8]).This is unlike the more commonapproac
of rst tracking 2D image correspondencesand then computing a 3D posefrom
points, where rst ead 2D point location is committed to basedon a locally
optimal image t but without regardsto the global 3D constraints.
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