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Temporal Surface Tracking using Mesh Evolution

Kiran Varanasi, Andrei Zaharescu, Edmond Boyer, Radu Hbrau

LJK - INRIA Rhdne-Alpes, France

Abstract. In this paper, we address the problem of surface trackinguitipie
camera environments and over time sequences. In orderlyafatk a surface
undergoing significant deformations, we cast the problera asesh evolution
over time. Such an evolution is driven by 3D displacementi$iegstimated be-
tween meshes recovered independently at different timmaesa Geometric and
photometric information is used to identify a robust set afching vertices. This
provides a sparse displacement field that is densified oeentsh by Laplacian
diffusion. In contrast to existing approaches that evoleshes, we do not assume
a known model or a fixed topology. The contribution is a novesmevolution
based framework that allows to fully track, over long sea@snan unknown sur-
face encountering deformations, including topologicarayes. Results on very
challenging and publicly available image based 3D meshesemps demonstrate
the ability of our framework to efficiently recover surfacetions .

1 Introduction

Tracking the surface of moving objects is of central impec@when modeling dy-
namic scenes using multiple videos. This key step in the ma@ipeline yields
temporal correspondences which are necessary when cangiaeotion related ap-
plications such as motion capture. Furthermore, it allogmovery of improved and
consistent descriptions of object shapes and appearances.

In this work we address the problem of capturing the evotutba moving and
deforming surface, in particular moving human bodies, givailtiple videos. A large
variety of directions can be followed, depending on éhgriori knowledge of the ob-
served shape, on the representation chosen for surfacemnahé information taken
into account for deformationdodel-based approachessume a known model of the
observed surface, which is tracked over time sequencesghsaiving for time cor-
respondences. This model can be locally rigid, €.G,E], or deformable, e.g.4[5].
Unfortunately, exact models need to be available, whickelidasn the case in general
situations. In particular, the topology of the surface caohe over time as shown in
Figurel. As a consequence, approaches in this category are redttaspecific sce-
narios.

In contrast, non model-based approaches try to find displanefields between
2 different instants in the sequence. In this categscgne flow approacheonsider
dense vector fields with various representations includioxgls [5,7], implicit rep-
resentationsd] or meshes J]. However, the associated differential methods are lim-
ited to small displacements between successive framesrnaltively,feature-based
approacheq10,11,17] consider meshes and allow for larger motions by casting the
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(@) (b) ©)

Fig. 1. An example of a surface for which the topology can hardly bewkmin advance.
The belt of the dress forms a new protrusion that appears saggkars (a)-(b). (c)
Dense point trajectories computed from (a) to (b)

problem as a labeling betweemeshes using local geometric or photometric informa-
tion. This labeling solves for partial correspondencewben?2 frames only and might
lose efficiency when applied over long sequences, in pdatias topological changes
occur. Our objective is different but complementary andéged at providing full mesh
evolution over time sequences.

Our approach is grounded on the observation that naturidcgs are usually arbi-
trary shaped and difficult to modalpriori. In addition, shapes can significantly evolve
over a time sequence. For instance, human bodies are usaoadlyed by clothes whose
topologies can change. To handle such deformations, we asbes which are mor-
phed from one frame to another. Like feature-based appesaete use photometric
cues provided by images and geometric cues provided by tdoeeeed meshes. How-
ever, instead of looking for a dense match between the esrti€the2 meshes, we use
a sparse, but robust set of matches and its associatedaispgat vector field to drive
a full consistent mesh evolution, with possible topolob@teanges. This approach pro-
vides both a consistent surface evolution over time andedpoBt trajectories on the
surface.

The framework we propose assumes little about the obseuwvéats, thus relaxing
the constraints for markers, known models or limited deftions and displacements.
It allows for the recovery of trajectories of points, as shawFigurel, on a surface un-
dergoing significant deformations including topologichhnges. Instead of using tra-
ditional Eulerian methods.g. level sets13], a major innovation is to cast the problem
within a mesh evolution framework that performs mesh marghthereby avoiding
Eulerian limitations such as complexity and inappropriateness rfacking interface
properties, e.g. vector displacements.

The remainder of this paper is organized as follows. Relatartts are reviewed in
section2. The proposed approach is outlined in seciomhe recovery of displacement
vector fields is described in sectidrand5. The mesh deformation is then explained in
section6. Experimental results obtained with publicly availablesences are shown
in section?7, before concluding in sectidh



Temporal Surface Tracking using Mesh Evolution 3

2 Reated Work

Surfaces observed in multiple views can be fully trackedudlgh a deformable model,
which is fitted to image related observations, see for itstdiv] for a review on 3D
deformable models. This operation appears to be difficuliess a precise model is
available. This is particularly true with recent works1[5] that propose to use a laser-
scanned model of the surface prior to tracking. Unfortugapeecise models will not
be available in general situation. Moreover the fixed togglassumption significantly
limits the application domain.

An alternative is to directly estimate surface motions tetwtemporal frames and
a significant effort has been put in that direction over thst yaars.Scene flow ap-
proachegecover dense motion fields using derivatives of the imageadi[5,7,16]. In
[8] this is used within a variational framework to fully trackréaces using level sets. As
noticed in [LZ], flow-based approaches are nevertheless limited to snsalatements,
as a consequence of finite difference approximations ofaltvres.

Another class of approaches solve for shape matching. Asshiat shape models,
e.g. meshes, can be recovered from images independentlyimeesequences, using
for instance 17,18,8]. Then temporal correspondences can be obtained through ve
tex mapping between successive meshes. While providipipdisment fields between
frames, temporal correspondences yet only partially shleg@roblem of surface track-
ing since the transformation that maps a surface onto anmh®ins unknown. Nev-
ertheless, this can be seen as a first step towards full sutfacking. The associated
labeling problem can be solved in various ways. Point bappdoaches, e.g1p,2(,
register sets of points but do not account for shape infaonate. mesh connectiv-
ity. More closely related to our framework, numerous messebaapproaches have
been proposed. Some solve for correspondences indiréctdydgh embeddings, e.g.
[21,22,23)], with the price of an often difficult intermediate step. @tlapproaches by-
pass this step and directly seek correspondences betwestresa&or instance ),11]
successfully match different poses of @ropermesh, e.g. a range-scanned model, us-
ing geometric features only. However, these approachesteasily extend to real ob-
jects’ surfaces recovered from images since the associastes can vary drastically
between successive frames and furthermore, their topedagin change. In that case,
photometric cues are advantageously added to geometticésao make the labeling
feasible as in]2]. While allowing for large motions, labeling approacheslseense
correspondences, which are difficult to obtain on a regudarsover long sequences.

To the best of our knowledge, no previous work has attemptepletform the
full tracking of an unknown mesh undergoing deformationthvgossibly topologi-
cal changes, using multiple videos. Our method bridges #ipebgtween model-based
and non model-based approaches since we evolve a mesh esipgral correspon-
dences. To this purpose, we build on some of the ideas aluesetyin the approaches
mentioned above. We combine the interest of both photooatid geometric cues for
robust matching1Z] with Laplacian diffusion §] to get a dense displacement field. The
resulting vector field is used to initialize a consistent megolution between succes-
sive frames. To demonstrate the robustness of our schemieavecused challenging
real data sets with large motion and topological changes.
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Fig. 2. The different consecutive steps of the proposed framewajloriginal meshes
St and M*1; (b) features extracted; (c) feature matching; (d) the cased sparse-
displacement; (e)-(f) the dense displacement field aftptdcan diffusion; (g) mesh-
morphing (observe the topological change that takes plemend the right arm of the
model - the right elbow de-attaches from the body, creatiggrais change).

3 Approach Outline

We consider multiple camera environments and we assumanthbiple calibrated
videos of an object with closed surfaces are available. \& assume that 3D mesh
modelsM*€-"] of the object at different time instancfis.»] estimated using multi-
view 3D modeling approaches, e.gl7[18,8], are available. These meshggt<[!--"!
correspond to discrete values of the time continuous n#sin order to recove&?,
the mapping of8* ontoM'*1 is iteratively estimated using the followirsgconsecutive
steps, starting witls* = M*:

1. Sparse match: photometric and geometric cues are usedtth m set of points

betweenS! and M+ (see Figur€-c). Unlike previous approaches, only a sparse

set of correspondences is expected.

2. Motion diffusion: the identified correspondences defisparse displacement field
over St (cf. figure 2-d). This field is propagated over all vertices by Laplacian
diffusion hence preserving local shape detdil§ [cf. Figure2-e).

3. Mesh evolution: The dense displacement field is appli¢bgwertices of5? yield-
ing a new mesh. The resulting mesShis then morphed tovi*+! by minimizing
the signed distance t81'*+! (cf. Figure2-fg). Mesh consistency within the opti-
mization is enforced usingf]. The final optimized mesh define¥ .
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The Laplacian diffusion allows a partial vertex matchindycemd yields to a good
estimation of the motion at all vertex locations. Nevertiss| an additional step is re-
quired to guarantee that the resulting mesh fits the obsemsat1*<l*-" and also to
guaranty its correctness, e.g. manifoldness. This is itrashwith the work §] which
also uses Laplacian diffusion to evolve a reference meshembserved posture, but
without refinement and therefore without guaranties. Jladove steps are detailed in
the following sections.

4 Feature Matching

The primary step of our approach is to obtain a set of goodifeahatches across the
two frames. In contrast to the labeling approaches mentigmeviously, we do not
intend here to produce a dense match over mesh verticesnlyua @obust selection.
To this end, we first detect a set of interest points and peoth@ém with a variety
of distinctive features (photometric and geometric). Enhssts of feature vectors are
then matched across in an exhaustive manner, to computéraipegy set of potential
matches. The error of the matching is defined in terms of idiffee between the differ-
ent feature vectors. We employ a two-step minimization pdoce (a coarse step will
guide a finer step) in order to avoid local minima. We detadheaf these steps in the
following subsections.

4.1 FeatureExtraction

For each frame, we are provided with a 3D mesh representétieoupled with a set
of imagesI! depicting camera views of the object from different angles.

Image FeaturesWe use corners as image features. If silhouettes are alailab use
them to constrain the features (in practice, we erode thewdttes byx = 3 pixels
to eliminate the features close to the boundary). The fegtoints are computed as
maxima of the determinant of the image Hessian matrix. We lchosen Speeded-Up
Robust Features (SURF}{] as an image descriptors, because of their robustness in
wide-baseline stereo and because of their increased speeahputation due to integral
images. We back-project the detected interest points ti@D mesh and assign the
corresponding SURF feature, together with color featureshue, saturation and value
(HSV). The color for the 3-D point is calculated as the mediator in the visible
cameras. Figuré-a illustrates the distribution of the feature points ovesample 3D
mesh.

Mesh Features.Geodesic distances between mesh points offer crucialnrgton in
matching non rigid shapes. We use a feature callechthhenalized geodesic integral
[27], which is defined as:

) _ 1(V) = Minpesp(P)
uVy= [ GW.PHS V)= =g
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whereG(V, P) denotes the geodesic distance between the pBiatedV andu (V)
is defined as the sum of the geodesic distances froto all points onS. After nor-
malization,u,, (V') provides a continuous function whose value indicates tipaegmnt
nearness of a point to the center of the object. Its maximboeirespond to the ex-
tremities of the object. Figuré-b illustrates the distribution of this function over the
sample 3D mesh.

(@) (b)

Fig. 3. (2) SURF feature points back-projected onto the 3D meshlB)geodesic in-
tegral function over the 3D mesh (c) Surface Protrusionsadet! as the maxima of the
geodesic integral - the left figure has a collapsed protrusio

4.2 CoarseMatching by Surface Protrusions

We proceed to identify the extrema of the geodesic integrdb). This is done by
simply imposing a threshold on the valueiof(v) and selecting the points on the mesh
that lie above this threshold. Such points lie in compacdtels, typically corresponding
to the different protrusions of the object. As shown in Fahc, between time-frames,
some of these protrusions collapse onto the surface ingatianges in the topology of
the mesh. We will devise an algorithm whose goal is to colyeletect the topological
changes and match the extrema accordingly.

We select the local extremum of the functipp(v) as representative for each clus-
ter. The extent of each protrusion is defined by a local geodesghborhood from
the representative point. We assign a feature to the piotrisgsed on color distribu-
tion in this region. This is a highly distinctive feature dhefil on a large neighborhood.
These features can be visualized as in Figdrea]. We now proceed to match each
of these protrusions uniquely across the two frames. Thiblpm is formulated as an
error minimization problem with the following error:

E=> (XL X+ 360 X - G X

whereX /™! denotes the match of a protrusiaff, ¥ (X!, X/*') denotes the error
computed through color features aBdX;, X ;) denotes the geodesic distance between



Temporal Surface Tracking using Mesh Evolution 7

Fig.4. (a) Color features computed on surface protrusions (b) Tinace clustered
into regions based on color (¢) Surface protrusions mateh#ideach other. Note that
even the collapsed protrusion is matched correctly.

the protrusionsX; and X ;. Since the number of detected protrusions is typically very
small, we proceed to do an exhaustive search to solve thénmgtproblem.

In the particular case of tracking adjacent frames, we adatiditional termj| X! —
X! in the error, which denotes the Euclidean distance betweernvio matched
protrusions. This means that the two matched protrusioasat too far from each
other - a strong but valid assumption in our case. This hépslgorithm in resolving
issues raised by symmetry (such as between the two handstveedn the two legs).

For a human body in a normal condition, the number of protnsare (head +
2 hands +2 legs). When there is a collapse (hand/leg touching a paheobody), the
number of detected protrusions will Beor lesser. There will be an implicit mismatch
in the number of protrusions detected, and this will be detetrivially. The corre-
spondences of such collapsed protrusions will be left witltomatch in the previous
minimization step. It should be noted that such collapséiswi damage the geodesic
distances between protrusions which did not collapse thems. In this way, we effi-
ciently use the geodesic distances only where they are mgfahi

To handle collapsed protrusions, we cluster the targeasanfegion based on color,
and select the most appropriate cluster based on thele?af, X! ™) (orw (X}, X+
|| X} — X[||) for adjacent frames. The surface regions clustered aowptd color
are shown in Figurd-b. The result of the matching is shown in Figuyre.

4.3 FineMatching by Feature Points

The previous step provides a good initialization to perféeature matching at a finer
level. We intend to produce a selection of feature matchegsatte representative of the
surface and that are mutually consistent with each otherd®fme an error function
based on color, SURF features and the array of geodesindéesaf the feature points
from each of the protrusions which are matched successfulhe above step (without
collapse). We select a set of best featuﬂaﬁsPi“rl based on this error, and prune this
further to impose mutual spatial consistency.
If two feature pointsP}, Pi are found to be geodesicﬂnear to each other, we

connect them by a link which encodes the Euclidean lehgtt#;| of the line joining
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the two points, and the angles it makes with the norrﬁ%léj at both the ends. Then
the two pairs of matcheg&P}, P;™') and (P, Py™") are checked for mutual spatial
consistency in terms of the elastic streteh)(and twist 1, v:2) of the link, defined
as:

— _
Vs = L(|P{Py| — PP P
s . T ~
v = L(O(PL Py, P — 0(P{T Py P
—_— ~ _— A
w2 = T (0(P{ Py, Py) — 0(PTI Py, PtY)
wheref(v1,v2) denotes the angle between two vectors, &hdl’; denote two
Gaussian penalty functions.

Furthermore, pairs are checked for parity in order) (@nd orientation 42) with
respect to the nearest matched protrugish, X*+1), and defined as:

; tyi tyi ; t+1 yrt+1 t+1 yrt+1
p1: Sign(|PIX"| — |P3X?"|) = Sign(| Py X" — [Py X))
t+1 vt 1 t+1 yrtt 1 o
p2: O(PIXt x PLXE, Py XL x Py X)) < 180

An example of the set of identified feature matches is shovirigare5s-a.

@) (b)

Fig.5. (a) The set of identified feature matches (b) The dense mégtthcomputed
by Laplacian diffusion.

5 Motion Diffusion

The feature matches computed as above provide the inétiedizfor the transformation
of the mesh. We propagate them across the entire mesh bydiapHiffusion.

5.1 Approach

The geometric Laplacian operator is a way of encoding thal laervature of the mesh.
This has proven to be useful in a variety of mesh applicatjiaris such as interactive
mesh editing. This operator provides an efficient approadateform the mesh while
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preserving the local shape informationNi, is the number of vertices, the Laplacian
matrix L of size Ny x Ny is defined by these equations

L(Zvj) = wt(z,]) vjEN(i)
L(i,i) = —1x ZjeN(i) wit(i, j)

where N (i) is the set of vertices sharing an edge with the vefteandwt(s, )
is the weight of the edge as defined by mean-value coordifaigsVe compute the
differential coordinates of the mesh at timénto three vectorg X, 5Y* and62¢,
whered X! = L x X! (similarly for Y, §2%).

The feature matches computed earlier as initializationnew define 3 matrices
L., L, andL., corresponding to the three dimensiokisY andZ. If the number of
feature matches 8/, these matrices shall be of ordé¥y + Ng) x Ny. The first
Ny rows shall be identical to thé matrix. The later rows are defined by constraints
(Vi € {features}) (similarly for L, L.):

Ly(i,j) =0 Vj#i
L,(i,7) = A
where) is a weighting factor we set #)00.
Similar to the matrixL,., we append the vect@rX® by addingNz new elements
{A* XL} whereX £ are the X-coordinates of the feature matches in the friame
The diffusion of the matches is done as a matrix inversion.

X = (L] L) 'L} «6X?

The matrixL,. being extremely sparse, this inversion can be efficientpié@mented
using Cholesky factorization.

Thus we propagate the mesh via Laplacian diffusion taS*. An example of the
dense motion field obtained from a sparse set of feature msitstshown in Figurg-b.
In [9] the Laplacian operator is also used to diffuse motion imf@tion over meshes.
However, motion is limited to rotation since flow informatiis considered. In contrast,
we propagate full displacement vectors as obtained by rmf¢bature points between
S* and the observed mesh**? .

6 Mesh Deformation

The matching and diffusion steps presented in the previeasons provide us with
a dense displacement field over the m&éhAs mentioned before, such motion field
is a good estimate of the true motion field between tinaed¢ + 1. However, it will
not guarantee the exact overlap with the mesh observed-at, i.e. M**!, nor the
correctness of the resulting mesh. Therefore, a final stepésled in order to ensure
both convergence to the observations and correctness. gpuoach is motivated by
the fact that the solution meskt‘+! and the propagated Laplacian me$hare dif-
ferent, but nearby. Thus a solution is to perform surfaceghiog, that is starting from
the source surface, i.&!, and evolving it towards the destination surfab&*!. To



10 Kiran Varanasi, Andrei Zaharescu, Edmond Boyer, Radatbr

this purpose, we have used ] as an explicit surface evolution approach which han-
dles self-intersections and topological changes and gtega correctness. To drive the
surface evolution, we adopt here a simple morphing schetnedinced in P&] and
described below.

6.1 Approach

Consider an open s€?4 C R? representing the source object, enclosed by surface
Sa = 004, and similarly the open s&bp C R? representing the target object, en-
closed bySp = 00p. Consider the signed distanag of Sg, as defined by:

w (x)* —d(x,SB) VICOB,
B 7 d(x, Sp)  otherwise,

1)

whered(z, y) is the Euclidean distance betweeandy in R3. Following [2€)], the sur-
face motion that maximizes the overlap between the morphgatbandS is defined
by:

—— = —up(z)N(z), (@)

wherez is a point on the surfac§ andN(z) is the normal toS at z. The strategy
described above will converge to the desired solution istinéace of departur&, and
the destination surfac&g overlap.

6.2 Discussion

In a few cases, certain tracks are temporarily lost, duegatim-overlap of certain parts
of the surface between the propagated Laplacian and thémaex¢. Such an example
can be observed in Figufef, where the left hand had the fist properly propagated (due
to the protrusion region matching), but not the forearm ¢dube lack of features). This
caused the signed distance function based evolution taps#la sub-part of the forearm
and regrow it from the upper-arm and the fist. These rare czmede addressed by
interpolating the trajectories from the neighboring v&$ which are tracked correctly.

If we are not satisfied with the propagated Laplacian, we tsmtey to increase the
number of the matches by exploring the neighborhoods offiaess matches detected
by our method. These increased matches are then diffusedimilar fashion using
the mesh Laplacian. At a minor additional computationat,dbss process produces a
better initialization for the mesh deformation step.

Another remark is that instead of surface morphing, onectaldo consider other
functions. One such choice is multi-view stereo photo-tsiescy. We have experi-
mented with such a distance functidij,[observing that the optimizer could not easily
handle situations where the source mesh is relatively fanfthe destination mesh.
This is in part due to its coarse to fine nature. Another benétite mesh morphing
approach is that, assuming there is some overlap betweetieeS! and the desti-
nation M!*1 meshes, it is guaranteed that the approach will convergh, patential
topological changes. In addition, every vertex will reabh testination mesh. Once
reached, it will neither move nor oscillate.
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7 Results

7.1 Qualitative Evaluation

YIRY AL

(a) pop2lock : frames 20-40  (b) pop2lock : frames 78-87  (shikéck : frames 50-60

i ) _ '// i\;
(d) dance-2 : frames 567-582 (e) dance-2 : frames 620-635 da(}e-2 : frames 607-622

Fig.6. The tracked trajectories are presented in a color codedrselhehere cooler
colors represent earlier frames. On top pop2lockandflashkicksequences (Univ. of
Surrey) and bottom théance-2sequence (INRIA).

For our evaluation we have been using sequences from tweesiuhedance-1
(used to exemplify the method) and tdance-2sequences are available publicly on
our website!. The pop2lockandflashkicksequences were made available to us by the
Surface Motion Capture project at the University of Surr&s]

The pop2locksequence provides us with full 3-D reconstruction resudtgether
with the camera calibration, inputimages and silhouetigsisg 8 cameras (1920x1080).
Thedance-Zequence is captured using 8 cameras (780x582). For thielgisence we
decided to test the limits of the algorithm. We have used heu§-D surfaces approxi-
mation obtained via a fast visual hull reconstruction (asilely based on silhouettes).
Despite their coarse nature and topological changes, ivelstin consistent point tra-
jectories. We ensured proper mesh sampling via edge celagsd edge swaps, such
that each edge is around 3 pixels when projected onto theeiregp2lockmeshes -
12,000 verticesdance-2- 3,000 vertices). Coarser meshes were used for computing
geodesics (1,500 vertices).

Our results are presented in Figuiewith a close-up of a topological change il-
lustrated in Figure. The tracks are color-coded, where cooler colors represstier
frames. Additional convincing results are provided as @@ the natural way of dis-
playing temporal information.

! https://charibdis.inrialpes.fr/html/sequences.php
2 https://perception.inrialpes.fr/Publications/2008BH08/ECCV08.mp4
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Fig.7. Mesh deformation over topological change (from left to t)glmitialization;
intermediate step; final step; Overall algorithm behavipafse set of matches shown
only for ease of visualization purposes).

We were able to successfully track without probldonsg sequences of over 100
frames withlarge inter-frame shifts. The running times are satisfactorpataling a lot
on the mesh density and the number of images used within eactef As an exam-
ple, in thedance-2sequence, an inter-frame surface tracking is producedadnta®0
seconds, whereas for tpep2lockdataset, it takes about 2.5 minutes.

7.2 Numerical Evaluation
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Fig. 8. Numerical Evaluation : (a) Example mesh with texture (b) @ated trajectories
(c) Error over the sequence

Lack of proper ground truth makes quantitative assessnfeBbDdracking algo-
rithms difficult. A manual labeling could be inconsistenthaase the accuracy of the
tracks needs to be measured with high precision. Due to tbenak of real world test
data, we evaluated the trajectories of our algorithm ag&imswvn deformations of a 3D
graphical model. We used an artificially textured female Anoid model (figure-a),
and the multi-view video is captured using a 16 camera s&opxample trajectory
computed by our algorithm is visualized in figui.
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We evaluated the error in point trajectories with respeth#oaverage edge length,
which defines the resolution for temporal corresponderkigsre 8-c shows such er-
rors for 600 points randomly distributed over the mesh arab#asined with independent
estimations of the surface evolutions between frames. \Werob that the error is less
than half the average edge length after 50 frames. In the danadon, the average true
deformation encountered by each point is about 10 timesvii@ge edge length. Thus
we stay within reasonable limits of accuracy in producingtoacks.

8 Conclusion

In conclusion, we have presented a robust algorithm for tadpnesh tracking that
incorporates the following key ingredients: it uses botbrgetric and photometric in-
formation in a coarse to fine fashion in order to efficientljvedor a sparse set of
matches; it uses Laplacian propagation to obtain a densehrsat; it ensures proper
evolution using a mesh-morphing approach that is capabiiealing with topological
changes. Thus, we are able to perform surface tracking haie displacementsf
surfaces withtopological changesverlong sequences the context of multiple cam-
era environments. In addition, our algorithm performs gfalty even when provided
with inexact surfaces. For future work, we are considergaj time motion capture sys-
tems, improvements of surface recovery, and reducing tifterdtrajectories by time
integration.
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