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Abstract

We present a new effective way for performance capture
of deforming meshes with fine-scale time-varying surface
detail from multi-view video. Our method builds up on
coarse 4D surface reconstructions, as obtained with com-
monly used template-based methods. As they only capture
models of coarse-to-medium scale detail, fine scale defor-
mation detail is often done in a second pass by using stereo
constraints, features, or shading-based refinement. In this
paper, we propose a new effective and stable solution to this
second step. Our framework creates an implicit representa-
tion of the deformable mesh using a dense collection of 3D
Gaussian functions on the surface, and a set of 2D Gaus-
sians for the images. The fine scale deformation of all mesh
vertices that maximizes photo-consistency can be efficiently
found by densely optimizing a new model-to-image consis-
tency energy on all vertex positions. A principal advan-
tage is that our problem formulation yields a smooth closed
form energy with implicit occlusion handling and analytic
derivatives. Error-prone correspondence finding, or dis-
crete sampling of surface displacement values are also not
needed. We show several reconstructions of human subjects
wearing loose clothing, and we qualitatively and quantita-
tively show that we robustly capture more detail than related
methods.
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1. Introduction

Figure 1. Given as input a multi-view video sequence (left - par-
ticular input frame) and a coarse mesh animation (middle - input
mesh), our method is able to ef ciently reconstruct ne scale sur-
face details (right - re ned mesh). Note the wrinkles and folds
reconstructed on the skirt.

scale shape detail is then added in a second re nement step.
In this second step, some methods align the surface to a
combination of silhouette constraints and sparse image fea-
tures [/]. But such approaches merely recover medium
scale detail and may suffer from erroneous feature corre-
spondences between images and shape. Photo-consistency
constraints can also be used to compute smaller scale de-
formations via stereo-based re nemeiit [L4]. However,
existing approaches that follow that path often resort to dis-
crete sampling of local displacements, since phrasing dense
stereo based re nement as a continuous optimization prob-
lem has been more challengingj.[ Some recent methods
resort to shading-based techniques to capture small-scale

Performance capture methods enable the reconstructiorflisplacements, such as shape-from-shading or photometric

of the motion, the dynamic surface geometry, and the ap-Stereo P2, 21, 1.

However, the methods either require

pearance of real world scenes from multiple video record- controlled and calibrated lighting, or complex inverse es-
ings, for example, the deforming geometry of body and timation of lighting and appearance when they are applied
apparel of an actor, or his facial expressions7, 2, 1. under uncontrolled recording conditions.

Many methods to capture space-time coherent surfaces re- In this paper, we contribute with a new effective solution
construct a coarse-to-medium scale 4D model of the scendo the re nement step using multi-view photo-consistency
in a rst step, e.g. by deforming a mesh or a rigged tem- constraints. As input, our method expects synchronized
plate such that it aligns with the images, [L8]. Finer and calibrated multiple video of a scene and a reconstructed



coarse mesh animation, as it can be obtained with previousof them jointly track a skeleton and the non-rigidly deform-
methods from the literature. Background subtraction or im- ing surface 8, 1, 6]; also multi-person reconstruction has
age silhouettes are not required for re nement. been demonstrated[]. Other approaches use a generally

Our rst contribution is a new shape representation that deformable template without embedded skeleton to capture
models the mesh surface with a dense collection of 3D 4D models,e.g. an elastically deformable surface or vol-
Gaussian functions centered at each vertex and each hawme [5, 13|, or a patch-based surface representati¢in [
ing an associated color. A similar decomposition into 2D Most of the approaches mentioned so far either only recon-
Gaussian functions is applied to each input video frame.  struct coarse dynamic surface models that lack ne scale

This scene representation enables our second contribuéetail, or coarse reconstruction is a rst stage. Fine scale
tion, namely the formulation of dense photo-consistency- detail is then added to the coarse result in a second re ne-
based surface re nement as a global optimization problem ment step.

in the position of each vertex on the surface. Unlike previ- Some methods use a combination of silhouette con-

ous perfor_mance capture mgthods, we are able to phrase th§traints and sparse feature correspondences to estimate, at
model-to-image photo-consistency energy that guides thebest, a medium scale non-rigid 4D surface defdil Dther

deformatlon asa clqse(_d form expression, and we can CC)m}':\pproc';lches use stereo-based photo-consistency constraints
pute its analytic derivatives. Our problem formulation has in addition to silhouettes to achieve denser estimates of
the additional advantage that it enables implicit handling ner scale deformationsi[4, 5]. It is an involved problem

of occlusions, as well as spatial and temporal coherenceto phrase dense stereo-based surface re nement as a con-

constraints, while preserving a smooth consistency ENeinuous optimization problem, as it is done in variational
function. We can effectively minimize this function in terms approachesd. Thus, stereo-based re nement in perfor-

of dense local surface displacements with standard gradlent'mance capture often resorts to discrete surface displacement

base_d solvers. In addition to these advantages, _unlike Man¥a moling which are less ef cient, and with which globally

previous methods, our iramework does not require a POteN-g 1 60th and coherent solutions are harder to achieve.

tially error-prone sparse set of feature correspondences or

discrete sampling and testing of surface displacements, and In this paper, we propose a new formulation of stereo-

thus provides a new way of continuous optimization of the based surface re nement as a continuous optimization prob-

dense surface deformation. lem, which is based on a new surface representation with
We used our approach for reconstructing full-body per- Gaussian functions. In addition, our re nement method

formances of human actors wearing loose clothing, and per_also succeeds if silhouettes are not available, making the

forming different motions. Initial coarse reconstructions approach more generally applicable.

of the scene were obtained with the approaches by @all ~ aAn alternative way to recover ne-scale deforming sur-
al. [7] and Starck and Hiltonl[4]. Our results (Figland  face detail is to use shading-based methads, shape-
Sect.6) show that our approach is able to reconstruct more from-shading or photometric steredl]. Many of these ap-

of the ne-scale detail that is present in the input video se- proaches require controlled and calibrated lightifigi[],
quences, than the baseline methods, for instance the Wrinwhich reduces their app“cabmty More recenﬂy, Shading_
kles in a skirt. We also demonstrate these improvementspased re nement of dynamic scenes captured under more

quantitatively. general lighting was showr?], but these approaches are
computationally challenging as they require to solve an in-
2. Related Work verse rendering problem to obtain estimates of illumination,

Marker-less performance capture methods are able to?Ppearance and shape at the same time.

reconstruct dense dynamic surface geometry of moving The method we propose has some similarity to the work
subjects from multi-view video, for instance of people in of Sandet al. [12] who capture skin deformation as a dis-
loose clothing, possibly along with pose parameters of anplacement eld on a template mesh; however, they require
underlying kinematic skeletonlf]. Most of them use  marker-based skeleton capture, and only t the surface to
data from dense multi-camera systems and recorded unmatch the silhouettes in multi-view video. Our problem for-
der controlled studio environments. Some methods em-mulation is inspired by the work of Stadt al. [15] who used
ploy variants of shape-from-silhouette or active or passive a collection of Gaussian functions in 3D and 2D for marker-
stereo P3, 11, 14, 20, 17], which usually results in tempo- less skeletal pose estimation. Estimation of surface detail
rally incoherent reconstructions. Space-time coherency iswas not the goal of that work. Our paper extends their basic
easier to achieve with model-based approaches that deforntoncept to the different problem of dense stereo-based sur-
a static shape template (obtained by a laser scan or imageface estimation using continuous optimization of a smooth
based reconstruction) such that it matches the sulgect, energy that can be formulated in closed form, and that has
a person{, 5, 18, 1, 7] or a person's apparel]. Some analytic derivatives.
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Figure 2. Overview of our framework. Our approach re nes the input coarse mesh animation by maximizing the color consistency between
the collection of 3D surface Gaussians, associated to the input vertices, and the set of 2D image Gaussians, assigned to image patches.

3. Overview 4.1. 3D Surface Gaussian

: . . . Our implicit model for the input mesh is obtained by
An overview of our approach is shown in Figy. The in- placing a 3D Gaussian at each mesh verex 8s 2

put to our algorithm is a calibrated and synchronized multi- f0:::n.  1g, ne being the number of vertices. A 3D un

. . . . e S y S . -
View wdeo_;equence showmg_ images of _the hurnan S’Ub'normalized isotropic Gaussian function on the surface is de-
ject. In addition, we assume as input a spatio-temporally co- ned simply with a mean\,, that coincides with the vertex
herent coarse animated mesh sequence, reconstructed fromcation and a standard ?j’eviati on (equally set ta7 mm
multi-view video related approaches [.]. for all 3D Gaussians on surface) as follows:

Our method re nes the initial coarse animation such that —l Y
the ne dynamic surface details are incorporated to the Gs(R) = ex IR )
: Mo - . s p 2
meshes. First, we create an implicit representation of the in- S

put mesh using a dense collection of 3D Gaussian functions o

on the surface with associated colors. The input images are  With ® 2 R®. Note that althougi®s(%) has in nite sup-

also represented as a set of 2D Gaussian associated to imag®'t for visualization purposes we represent its projection

patches in each camera view. Thereafter, continuous opti-2S & Square having centée( diagonals intersection) ifis

mization is performed to maximize the color consistency @nd side length equal @"s mm (see Fig3).

between the collection of 3D surface Gaussians and the set e further assign a HSV color valug to each surface

of 2D image Gaussians. The optimization displaces the 3pGaussian. In order to derive the colors we choose a refer-

Gaussians along the associated vertex normal of the coars@Nce frame where the initial coarse reconstruction is as close

mesh which yields the necessary vertex displacement. ~ @s possible to the real shape. This is typically the rstframe

o _in each sequence. For each vertgxof the input mesh,

Our optimization scheme has a smooth energy function,\ye st choose the camera view that sees venebest,

that, thanks to our Gaussians-based model, can be express§q, yhere normal and camera viewing direction align best.
in closed form. It further allows us to analytically com-  Thereafter, the 3D Gaussian associatedstds projected
pute derivatives, enabling the possibility of using efcient 5 the image from the best camera view and the underlying
gradient-based solvers. pixel color average is assigned as a color attribute.

4.2. 2D Image Gaussian

4. Implicit Model Our implicit model for the input images of all cameras
c2f0:::n. 1g, n. being the number of cameras, is ob-
Our framework converts the input coarse animation and tained by assigning 2D Gaussian functigggx), x 2 R?,
input multi-view images into implicit representations us- to each image patch,2 I (c), of all camera views. Simi-
ing a collection of Gaussians: 3D surface Gaussians on thdar to Stollet al. [15] we decompose each input frame into
mesh surface with associated colors and 2D image Gaussquared regions of coherent color by means of quad-tree
sians, with associated colors, assigned to image patches imlecomposition (with maximal depth set to 8). A 2D Gaus-
each camera view. sian is assigned to each patch (Fig,. such that its mean



wheref is the camera focal length.

5. Surface Re nement

We employ an analysis-by-synthesis approach to re-
ne the input coarse mesh animation, at every frame,
by optimizing the following energye(M) with respect
to the collection of 3D surface Gaussian medns =
R0 Mg 10

E(M) = Egim Wreg Ereg (4)

Figure 3. A representation of our collection of 3D Gaussian on
the surface. Our surface Gaussians, here illustrated as tiny red- The termEg;,, measures the color similarity of the pro-
bordered squares, are assigned to vertices of the input coarse megBcted collection of 3D surface Gaussians with the 2D image
(only in the skirt region in this example). Gaussians obtained from each camera view. The additional
term Eeq is used to keep the distribution of the 3D sur-
face Gaussians geometrically smooth, whemsgag is an
user de ned smoothness weight, typically set to 1. Since
we constrain the 3D Gaussians to move along the corre-
sponding vertex (normalized) normal directiNg:

Ns = Agrig + Nsks 2 R® (5)

aiming at maintaining a regular distribution of 3D Gaus-
sians on the surface, we only need to optimize for single
scalar valueks;s2f0:::ng 1g.

Figgre 4. The input imqge (left) aqd the estimat.ed coIIection of 5?'1' Similarity Term
2D image Gaussians (right). The image Gaussians are assigne
to patches of coherent color in the input image and the underly-  We exploit the power of the implicit Gaussian represen-
ing average pixel color is assigned to the Gaussians as additionatation of both input images and surface in order to derive a
attribute. closed-form analytical formulation for our similarity term.
In principle, one pair of image Gaussian and projected sur-

. 2 R? corresponds to the patch center, and its standargface Gaussia_\n _should hav_e high similarity measures when
deviation ; to half of the square patch side length. The un- they show similar properties in terms of color and their
derlying average HSV color; is also assigned to the 2D spacial localization is suf ciently close. This measure can

Gaussians as additional attribute. be formulated as the integral of the product of the pro-
jected surface Gaussi@y(x) and image Gaussiaa; (x),
4.3. Projection of 3D Surface Gaussians weighted by their color similarityf ( ;s ), as follows:
In order to evaluate the similarity between the 3D surface =
Gaussian$s and the 2D image GaussiaBs, we project Eis = T(is)  Gi()Gs(x)@x ©)
eachG; to the 2D image space. The 3D surface Gaussian . . i
mean” is projected using the camera projection maRix [N thg abovg equations = jj i sjj 2 R* measures the
similarly to any 3D point in the space, as follows: Euclidean distance between the colors, wfiilg) : R'!
o R is the Wendland radial basis function modeled by:
S S .
_ siz 2 — 4—+1 if <
: %Agly @ 1= ™)

[P"2]: g otherwise

with [P ]xy, being the respective coordinates of the pro- where is esperimentally set @05 for all test sequences.

jected mean in homogeneous coordinaies the 4" di- The main advantage of using a Gaussian representation is
mension is set td). The 3D standard deviation is projected that the integral in Ecf has a closed-form solution, namely
using the following formula: another Gaussian with combined properties:
A f 2 2 1 ii2
= —° 2R @3) Eie=T(1)2 -ty exp 21 S0 (g
[PAEl i+ 7 i+ 7



We rst calculate the similarity for all components of the The derivative of the overlaRjs is de ned as:
two models for each camera view. Then, we normalize the

result considering the maximum obtainable oveifap = Q(Eis) - T( )4 e exp i sii?
2, of an image Gaussian with itself, and the number of @Kk O 1 2+ 7 2+ 7 1
cameras). as follows: 2 T 2 2
[P Nh] 1+ S JJ I S” S
By O A T T
1 " rrmin 5 Eis Ei o —
Esm = — 9 1 (i s)@( s)
Me 2o 121 Ei + 2 2
i21(c) [ s], 2+

In this equation, the inner minimization implicitly han- (12)

dles occlusions on the surface as it prevents occluded Gaus- |, hare P is the projection matrix of camerg NI is
sians projections into the same image location to contribute,» yertex normal associated to the model gaus@'san'n
multiple times to the energy. This is an elegant way for homogeneous coordinatés( the 4" dimension is set to

handling occlusion while preserving at the same time en- 0),[ sl is the z-component of the projected mean, and
ergy smoothness. In fact, exact occlusion detection and

handling algorithms are non-smooth or hard to express in I:[PIN D 1 sIxPN DL,
closed-form. @ ~ [P("2+NZks)- ],

In order to improve computational ef ciency, we evalu- @( s) = ENIL [ PN -1 - (13)
ateEjs only for visible surface Gaussians from each camera [S(Zg+ Ngks)] _—

view. The Gaussian overlap is then computed against visi- o o o
ble projected Gaussians and 2D image Gaussians in a local he derivative of the regularization terfeg is given by:
neighborhood.

@ Eeg)=4  T(s)(ke k)
5.2. Regularization Term @k s si/\fs 0 (14)

Our regularization term constraints the 3D surface Gaus-\ye ef ciently optimize our energy functiof(M ) using a
sians in the local neighborhood and each Gaussian such thatongitioned gradient ascent approach. The general gradient
the nal reconstructed surface is suf ciently smooth. This 45cent method is a rst-order optimization procedure that
is accomplished by minimizing the following equation: aims at nding local maxima by taking steps proportional
to the energy gradient. The conditioner is a scalar factor
associated to the analytical derivatives that increases (resp.
decreases) step-by-step when the gradient sign is constant
(resp. uctuating). The use of the conditioner brings three
main advantages: it allows for faster convergence to the -
nal solution, it prevents typical zig-zag-ing while approach-
ing local maxima, and it constraints at the same time the
analytical derivative size.

AL EES 1 - ,
Ereg = T(s)(ks k)5 (10)
=0 j2( s)

where (' s) is a set of surface Gaussian indices that are
neighbors olGs, 5 2 R* is the geodesic surface distance
betweerGs andG; measured in number of edges, and)
is de ned in Eq.7, where =2 edges
5.3. Optimization 6. Results

We tested our approach on three different datasets:
skirt , dance and pop2lock. Input multi-view video se-
guences, as well as camera settings and initial coarse

Our formulation allows us to compute analytic deriva-
tives of the energy (Eql), for which we provide complete
di?rr] Ii\ll artilf)nt|r;r2nvz:i(t:lr(]jlrt|onal ?(;cumggt.. TZh?gfa.r!vnatlvelof the mesh reconstruction were provided by Geatllal. [7] and
simifanty term, espectio eady, s s 9 Starck and Hilton [4]. All the sequences are recorded

IS: with 8 synchronized and calibrated cameras and number of

@ frame ranging between 250 and 721 (see Tdble The
@(Esim ) = input provided coarse mesh are obtained utilizing low-
:7(5 ) - quality re ning technique based on sparse feature match-
1 “cl_l__ljﬁ% if 5 "Eis <Eji ing, shape-from-silhouette and multi-view 3D reconstruc-
ne tion, and therefore lack of surface details.
¢=0 i21(c) % otherwise In order to re ne the input mesh sequences, we rst sub-

(11) divide the input coarse topology, by inserting additional



| Sequence Frames| Gs | Iter/s | Frame/min|
skirt 721 3053 | 2.01 0.8
dance 573 3430 | 1.90 0.76
poplock 250 3880 | 1.67 0.66

Table 1. Computation time for the input sequences. The table
shows the amount of frames for each sequence, as well as amount
of 3D surface GaussiarGs, iteration per second and frames per
minute.

triangles and vertices, aiming at increasing the scale level
of detail. Then we generate a collection of Gaussians on
the surface as explained in Se8t.Since for the input se-
guences most of the ne-scale deformations happen on the
clothing, we decided to focus on the re nement of those ar-
eas, generating surface Gaussians only for the correspon-
dent vertices. Tabléd shows the amount of 3D surface
Gaussians created for each sequence.

When rendering the nal resulting mesh sequences, we
added an extra epsilon to the computed vertex displace-
ments equal to the standard deviation of the surface GausFigure 5. Comparison of the results of our re nement capture
sians used. This is needed in order to compensate for thenethod against the baseline provided by[/] for the pop2lock
small surface bias (shrink along the normal during opti- (top), dance (middie) andskirt (bottom) sequences. From left
mization) that is due to the spatial extent of the Gaussians. f© fght: inputimage, color-coded normals of the input mesh and

Evaluation. Our results (Figl, Fig. 5 and the accompa- color-coded normals of the rendered output re ned mesh.
nying video) show that our approach is able to plausibly re-

construct more ne-scale detailsg. the wrinkles and folds e obtained for the three tested sequences. We believe we
in the skirt, and produces closer model alignment to the im- can further reduce the computation time by parallelizing or-
ages than the baseline methods ([4)). thogonal steps and implementing our method on GPU.

In order to verify the quantitative performance of our ap- Limitations. Our approach is subject to a few limi-
proach, we textured the model by assigning surface Gaustations. We assume the input mesh sequence to be suf -
sians colors to the correspondent mesh vertices. Then, wesiently accurate, such that smaller details can be easily and
used optical ow to generate displacement ow vectors be- correctly captured by simply displacing vertices along their
tween the input images and the reprojected textured mesttorrespondent vertex normals. In cases where the input re-
models (original and re ned) for all time steps. Figplots  constructed meshes present misalignments with respect to
the average optical ow displacement error difference be- the images€g. poplock) or if it is necessary to recon-
tween the input and the resulting animation sequences ovektruct stronger deformations, then our method is unable to
time for a single camera view. As shown in the graphs, perform adequately. In this respect, our re nement should
our method decreases the average ow displacement errorpe reformulated allowing more complex displacements,
leading to quantitatively more accurate results. without any normal constraint. However such weaker prior

We created an additional experiment to verify the perfor- on vertices motion requires more complex regularization
mance of our re nement framework. For this experiment, formulation in order to maintain smooth surface, also to
we rst spatially-smooth the input mesh sequence aiming at handle unwanted self-intersections and collapsing vertices.
eliminating most of the baked-in surface details, if any. The On top of that the increased number of parameters to opti-
smooth mesh animation is then used as input to our systemmize for (.e. 3 times more, when optimizing for all 3 ver-
As we show in Fig.7 and in the accompanying video, our tices dimensionss, y andz) would spoil computational ef-
approach is able to plausibly re ne the input smooth mesh ciency and raise the probability of getting stack in local
animation, reconstructing ne-scale details in the skirt, t- maxima solutions. The risk of returning local maxima solu-
shirt and shorts. Quantitative evaluation for the smooth in- tions is still high when employing local solversd. gradi-
put sequence is provided in an additional document. ent ascent) on non-convex problems as in our case. A pos-

We evaluated the performance of our system on an Intelsible solution is to use more advanced solverg, global
Xeon Processor E5-1620, Quad-core with Hyperthreadingsolvers, when computational ef ciency is not a requirement.
and 16GB of RAM. Tablel summarizes the performances Another limitation of our approach is the inability to
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Figure 7. Results of our re nement capture method for the smoottzgtte (top), pop2lock (middle) andskirt (bottom) animation
sequences. From left to right: input image, rendered input mesh, rendered output re ned mesh, zoom at the rendered input mesh, and zoom
at the rendered output re ned mesh.

ol
"

densely re ne plain colored surfaces with few textueey( References

poplock anddance). A solution here is to employ a more )

complex color model that takes into accoen. illumina- [1] L. Bgllan and G. M'. Cortelazzo. Marker-less motlon papture
tion and shading effects, at the cost of increased computa- of skinned models in a four camera set-up using optical ow

tional expenses. We would like to investigate these limita- and silhouettes. I8DPVT, June 20082

tions as a future work. [2] D. Bradley, T. Popa, A. Sheffer, W. Heidrich, and
T. Boubekeur. Markerless garment captur&CM Trans.
Graph., 27(3):19, 20081, 2

[3] C. Cagniart, E. Boyer, and S. llic. Free-form mesh tracking:

7. Conclusions

We presented a new effective framework for perfor- a patch-based approach.Rroc. IEEE CVPR, 2010.2
mance capture of deforming meshes with ne-scale time- [4] J. carranza, C. Theobalt, M. Magnor, and H.-P. Seidel. Free-
varying surface detail from multi-view video recordings. viewpoint video of human actors. KCM TOG (Proc. SIG-

Our approach captures the ne-scale deformation of the GRAPH ’03), page 22, 20032

mesh vertices by maximizing photo-consistency on all ver- 5] g de Aguiar, C. Stoll, C. Theobalt, N. Ahmed, H.-P. Seidel,
tex positions. This can be done ef ciently by densely op- and S. Thrun. Performance capture from sparse multi-view
timizing a new model-to-image consistency energy func- video. ACM Trans. Graph., 27(3), 2008.1, 2

tion that uses our proposed implicit representation of the [6] J. Gall, C. Stoll, E. Aguiar, C. Theobalt, B. Rosenhahn, and
deformable mesh using a collection of 3D Gaussians for the H.-P. Seidel. Motion capture using joint skeleton tracking
surface and a set of 2D Gaussians for the inputimages. Our  and surface estimation. Rroc. IEEE CVPR, pages 1746—
proposed formulation enables a smooth closed-form energy 1753, 20092

with implicit occlusion handling and analytic derivatives. [7] J. Gall, C. Stoll, E. de Aguiar, C. Theobalt, B. Rosenhahn,
We qualitatively and quantitatively evaluated our re nement and H. Seidel. Motion capture using joint skeleton tracking
strategy on 3 input sequences, showing that we are able to  and surface estimation. IEEEE Conference on Computer
capture and model ner-scale details. Vision and Pattern Recognition, 2009.1, 2, 3,5, 6



pop2lock (camera 0): Difference between Original and Resulting Flow Error per Frame.
4 T T T T
‘ —— Improvement wrt original flow error. Average = 16.4755%‘

35 q

!
i | M | *
I | | |

\ |
H“ ‘\w‘i““

m ‘ \M |}
o,5ﬂH ‘/\\ A y\“ \ \‘y‘ W

- ‘\v‘ \\ ‘H ' ‘ “
| \“\‘H‘
of W H‘ “

average flow error (px)

[ ‘\‘ W
‘ “ \H H ‘M I \H\WL M‘\ ‘\“
“H“M “ H‘ Juov | \‘v
\' ‘MW“ || M

!

| ‘
|
W

i/
I W IV

I I I
o 50 100 150 200 250
frames

skirt (camera 0): Difference between Original and Resulting Flow Error per Frame.
4 T T T

! | w |
Ul .

,,.\"\J hw W |

T T T T
Improvement wrt original flow error. Average = 8.7535%|

| ” h“* A
W e

. \

average flow error (px)

*’!W J “ ] ]
| ]

2k ' 4

I I I I I I I
0 100 200 300 400 500 600 700 800
frames

dance (camera 0): Difference between Original and Resulting Flow Error per Frame.
12 T

" [ improvement wit origial fow eror. Average = 143594
. A |
Il ,
M “ “‘ 1A “ ” ‘ b» 4 ‘ |
N{ W,WM 1l N J q wu‘“ ‘ ‘l,n w | M* ‘M'Ww

|

061

(A M
[ it
kG

-0.2 -

=)

average flow error (px)
o
N

2l )
\H "\ N‘" }

oal \*\

06 ‘ B

-0.8

Figure 6. Difference between original and re ned sequences in
terms of the average optical ow displacement error (in pixels) per

frame. We register an average improvement equdl6td% for
the pop2lock sequence (topB.7% for the skirt sequence (mid-
dle) andl1.4% for thedance sequence (bottom).

[8] C. Hernandez, G. Vogiatzis, G. J. Brostow, B. Stenger, and

Bl

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

R. Cipolla. Non-rigid photometric stereo with colored lights.
In Proc. ICCV, pages 1-8, 200722

K. Kolev, M. Klodt, T. Brox, and D. Cremers. Continuous
global optimization in multiview 3d reconstructioninter-
national Journal of Computer Vision, 84(1):80-96, 20091,

2

Y. Liu, J. Gall, C. Stoll, Q. Dai, H.-P. Seidel, and C. Theobalt.
Markerless motion capture of multiple characters using mul-
tiview image segmentation. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 35(11):2720-2735,
2013.2

W. Matusik, C. Buehler, R. Raskar,
L. McMillan. Image-based visual hulls.
pages 369-374, 200Q.

P. Sand, L. McMillan, and J. PopdviContinuous capture of
skin deformation ACM TOG, 22(3):578-586, July 2002

Y. Savoye. Iterative cage-based registration from multi-view
silhouettes. InProceedings of the 10th European Confer-
ence on Visual Media Production, CVMP '13, pages 8:1-
8:10. ACM, 2013.2

J. Starck and A. Hilton. Surface capture for performance-
based animation.IEEE Computer Graphics and Applica-
tions, 27(3):2131, 20071, 2, 3, 5, 6

C. Stoll, N. Hasler, J. Gall, H.-P. Seidel, and C. Theobalt.
Fast articulated motion tracking using a sums of gaussians
body model. In D. N. Metaxas, L. Quan, A. Sanfeliu, and
L. J. V. Gool, editors]CCV, pages 951-958. IEEE, 2012,

3

C. Theobalt, E. de Aguiar, C. Stoll, H.-P. Seidel, and
S. Thrun. Performance capture from multi-view video. In
R. Ronfard and G. Taubin, editolsjage and Geometry Pro-
cesing for 3D-Cinematography, page 127ff. Springer, 2010.

2

T. Tung, S. Nobuhara, and T. Matsuyama. Complete multi-
view reconstruction of dynamic scenes from probabilistic
fusion of narrow and wide baseline stereo. Aroc. IEEE
ICCV, pages 1709 -1716, 2009.

D. Vlasic, |. Baran, W. Matusik, and J. Popovi Artic-
ulated mesh animation from multi-view silhouetteACM
TOG (Proc. SIGGRAPH), 2008.1, 2

D. Vlasic, P. Peers, |. Baran, P. Debevec, J. Pdpovi
S. Rusinkiewicz, and W. Matusik. Dynamic shape capture
using multi-view photometric stereo. WCM TOG (Proc.
SIGGRAPH Asia "09), 2009.2

M. Waschliisch, S. Wirmlin, D. Cotting, F. Sadlo, and
M. Gross. Scalable 3D video of dynamic scenes.Pioc.
Pacific Graphics, pages 629—638, 2003.

C.Wu, Y. Liu, Q. Dai, and B. Wilburn. Fusing multiview and
photometric stereo for 3d reconstruction under uncalibrated
illumination. IEEE TVCG, 17(8):1082-1095, 2011, 2

C. Wu, K. Varanasi, Y. Liu, H.-P. Seidel, and C. Theobalt.
Shading-based dynamic shape re nement from multi-view
video under general illumination. Proc. iCCV, ICCV '11,
pages 1108-1115. IEEE, 2011,.2

C. L. Zitnick, S. B. Kang, M. Uyttendaele, S. Winder, and
R. Szeliski. High-quality video view interpolation using a
layered representatiodCM Trans. Graph., 23(3):600-608,
Aug. 2004.2

S. J. Gortler, and
IBIGGRAPH,



