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Abstract— We present an image-based algorithm for surface
reconstruction of moving garments from multiple calibrated
video cameras. Using a color-coded cloth texture, we reliably
match circular features between different camera views. As
surface model we use an a priori known triangle mesh. By
identifying the mesh vertices with texture elements we obtain a
coherent parametrization of the surface over time without further
processing. Missing data points resulting from self-shadowing
are plausibly interpolated by minimizing a thin-plate functional.
The deforming geometry can be used for different graphics
applications, e.g. for realistic retexturing. We show results for real
garments demonstrating the accuracy of the recovered flexible
shape.

I. I NTRODUCTION

Correct realistic simulation and visualization of textiles has
been at the focus of many research fields such as mathematics,
physics, materials science, and computer graphics. A wide
area of applications ranging from virtual actors for the film
industry to virtual prototyping of cloth design has made
this research field especially attractive [1]. An alternative
to physical simulation is motion capture. Rather than using
complex models for the human body and the garment, the
motion is measured directly excluding numerical or physical
inaccuracies. Much research has been devoted to skeletal
and facial motion capture, but cloth capture still remains
an open problem. In this paper, we propose a multi-view
capture method for color-coded, dynamic non-rigid surfaces.
Our surface models rendered with OpenGL can be used for
3D video on stereoscopic displays. Another application is
automatic texture replacement in the recorded video streams.

This paper is organized as follows. In Section II we mention
related work regarding the acquisition of non-rigid surfaces.
Section III explains the process of garment production. We
then move on to describe our method for shape reconstruction
in Section IV and Section V presents the obtained results.
Finally, we summarize our findings in Section VI and conclude
with an outlook on future work.

II. RELATED WORK

The problem of capturing non-rigid motion has been ad-
dressed by a number of researchers. Carceroni and Kutu-
lakos [2] obtain shape, reflectance and non-rigid motion of
a dynamic 3D scene by an algorithm called surfel sampling.
Experimental results for complex real scenes (a waving flag,
skin, shiny objects) are shown. The reconstructed surfels are
quite large which gives a coarse sampling of the surface.

A flow-based tracking method which does not require prior
shape models is described in [3]. The method produces 3D
reconstructions from single-view video by exploiting rank
constraints on optical flow. Results for a shoe and a T-shirt
tracking sequence are shown. An optical flow method for the
multi-view case is described in [4] were optical flow tracking is
combined with silhouette matching. Bhat et al. [5] estimate the
parameters for a cloth simulation by adjusting the simulation
results to real world footage. This is an elegant way to avoid
parameter tuning by hand. Results for fabrics with different
material properties are shown. By reducing non-rigid motion
to several material parameters, this method is suitable mainly
for qualitative reproduction. Pritchard and Heidrich [6] use an
image-based approach to cloth motion. They use a calibrated
stereo camera pair and obtain the surface parametrization by
using SIFT feature matching and a region growing technique.
Motion blur caused by fast motion reduces the accuracy of the
matching.

The work by Guskov et al. [7] is closest to our work.
They use color-coded quad markers for the acquisition of non-
rigid surfaces. Results for different surface types, including
a T-shirt are presented. The used color code has also a
limited size of codewords so that a tracking method based
on Markov random fields is employed. The system achieves
real-time performance. Tracking performance deteriorates for
fast motion and the quads have to be quite large which limits
surface resolution. In contrast, our method uses a color code
with more codewords and can cope with fast motion. It makes
use of the a priori knowledge of surface connectivity and the
color-coded pattern. In our work we present the first results
for complex motion of real garments.

III. PRELIMINARY WORK

Our approach requires a costum-printed cloth pattern. We
describe its production in the following. Additionally, a tri-
angle mesh for the garment is constructed as input for the
acquisition algorithm.

A. Color-coded patterns

Color codes are well-known in the context of structured
light reconstruction techniques [8]. In [9], a good overview of
projection patterns including color codes is given. For two-
dimensional cloth textures we need a pattern which encodes
both axes. On the one hand, the generated patterns should be
large enough for manufacturing garments. On the other hand,



Fig. 1. The pseudo-random color pattern used for our garments contains five
colors: cyan, magenta, yellow, orange and green.

each point in the pattern must be identifiable and thus have
a different codeword. We have chosen M-arrays [10], a color
code which encodes each point in the pattern by its spatial
neighborhood (Fig. 1). In this code, each3× 3 neighborhood
of a point is unique and can be used for point identification.
The number of possible codewords depends on the number
of colors c and is given byc9 (1.9 million for c = 5).
By choosing five well distinguishable colors we are able to
construct a pattern with a reasonable size for textile printing
(76 × 251 points). For pseudo-random code generation we
adopt an incremental algorithm described in [10]. It begins
by seeding the top-left3 × 3 window of the pattern matrix
with a random color assignment and fills up the matrix by
incrementally adding random colors. In each step, the window
property is verified. In our case, the windows may be rotated
in the camera images. In order to make point identification
invariant to rotations in the image plane, all windows are
also verified against rotated versions in 45 degree steps. This
reduces the number of possible codewords but still allows
patterns of reasonable size. The output of the algorithm is a
pattern matrixM with entries for the five colors. The generated
color pattern is printed on polyester fabric with a high-quality
textile inkjet printer. The grid spacing between dots is 2 cm
with diameter measuring 1.3 cm. The two garments, a skirt and
a T-shirt are manufactured by a tailor. During this process, we
take photographs of the garment panel outlines for triangle
mesh construction (Fig. 2).

B. Mesh construction

Based on photographs of the cloth panels, we design cor-
responding triangle meshes and sew them together with a
cloth simulation plugin for Alias’ Maya software. Each panel
consists of a triangulated quadratic mesh where each mesh
vertex inside the panel borders corresponds to a colored pattern
dot. Theuv texture coordinates of a vertex correspond to its
index in the pattern matrixM . A more detailed description
can be found in [15].

IV. CLOTH MOTION CAPTURE

Our system consists of eight synchronized video cameras
arranged all around the person wearing the garment. In a
first step, the acquired video images are processed for feature
identification and matching between different camera views.
Using geometric camera calibration, 3D surface points are
reconstructed from the image feature positions. The acquired

surface is then processed by hole filling and smoothing al-
gorithms. In the following, we go through the processing
pipeline.

A. Feature recognition

The first step in our method is the recognition of colored
ellipses, the image projections of our pattern dots. Color
classification should be robust against illumination variations.
For this purpose, we convert RGB color into the HSV color
space to separate luminance from chrominance properties.
Hue is representing the color information, while Saturation
(whiteness) and Value (brightness) vary with illumination
intensity. A common model for this variability are Gaussian
distributions used in Bayesian color classifiers [11]. This
method requires training data for the classifier under different
illumination conditions, often hand-labeled in the images [12].
For a multi-camera setup this is a tedious procedure. We use a
simpler approach which uses only hue for color classification.
We assume that hue remains constant over a wide range of
brightness levels and use nearest neighbor classification to dis-
tinguish between five color classes. No additional thresholds
are needed. For estimation of the color class hues, a test pattern
with the five cloth pattern colors is recorded for every camera.

Color detection is affected by camera noise and does not
allow to exactly estimate the projected dot shapes. We increase
the robustness of feature detection by combining color with
edge information. A Canny edge detector [13] is applied to the
luminance images. This yields well-defined ellipse contours
due to the high brightness contrast between the color dots
and the black cloth background. The contours are further
processed by outer contour following [14]. A lower and upper
threshold for the feature area is used for filtering. For color
classification, every pixel inside an ellipse votes for a color
class and the ellipse color is determined by the winner takes
all strategy. Color detection works at an error rate of 5-10
percent. Performance deteriorates mainly in shadowed areas.
The centers of the color dots are calculated as the center
of gravity of the filled dot contours and are later used for
reconstruction.

B. Feature labeling

In the next step every colored dot has to be identified by its
window in the pattern matrixM and assigned an index(i, j).
We use the garment panel outlines to mask out dots which are
not in the garment or clipped dots at the seams and use this as
a priori knowledge for labeling. The algorithm uses a region
growing strategy. As a first step, a seed color dot has to be
identified in the image by a3×3 window. The region growing
algorithm uses a search technique which adapts to the pattern
lattice structure. A more detailed description can be found
in [15]. The region growing approach works remarkably well
and can cope with arbitrary image background as it exploits
the regular lattice structure in the image. For most images
only a few seed points are needed to label all dots. Algo-
rithm performance deteriorates for oblique angles, but these



Fig. 3. Image processing steps from left to right: edge detection, color recognition and labeled features.

Fig. 2. The two garment panels used for the skirt. After sewing, the outlines
are further reduced due to the seams which is important for mesh construction.

areas don’t deliver accurate measurements for reconstruction
anyway. Fig. 3 summarizes the image processing steps.

C. Reconstruction

After labeling, the image projections of the visible pattern
dots are known. We employ the linear triangulation method
from [16] for reconstruction. All image measurementsxi =
(xi, yi) = PiX, i ∈ {0 . . . n−1} of a pattern point inn camera
views are used.Pi denotes the3×4 camera projection matrix
of camerai with rowsp1T

i −p3T
i andX the 3D reconstruction.

A linear systemAX = 0 is solved with SVD:
x0p3T

0 − p1T
0

y0p3T
0 − p2T

0

...
xn−1p3T

n−1 − p1T
n−1

yn−1p3T
n−1 − p2T

n−1

X = 0 (1)

The solutionX minimizes the reprojection error in the
images in a least squares sense. The maximum reprojection
error is computed for every reconstructed point in all views.
Outlier points are removed by comparing the error with an
upper threshold. The reconstructed points deliver the vertex
coordinates for the garment’s triangle mesh.

D. Hole interpolation

The resulting surface contains holes in areas of missing
data. One reason for missing data is self-shadowing. In these
areas, feature detection must fail. Deep cloth folds may only
be seen by one camera, in which case a reconstruction is
also not possible. As a post-processing step we employ mesh
interpolation with thin-plate splines to fill hole areas. Thin-
plate interpolation yields smooth surfaces which makes this
approach suitable for cloth surfaces. The thin plate energy

E(f) =
∫

fuu + 2fuv + fvv du dv (2)

for a functionf : R2 → R punishes strong bending and the
corresponding minimum energy surface is given by∆2f = 0.
For triangle meshes the uniform Laplacian for a mesh vertex
p with vertex neighborspi is discretized as [17]:

L(p) =
1
n

n−1∑
i=0

(pi − p) (3)

The Bilaplacian operator∆2 is thus

L2(p) =
1
n

n−1∑
i=0

(L(pi)− L(p)) (4)

For hole filling, we solve a linear systemAP = b for
the vertex coordinatesP = (p0, . . . ,pn−1). We require two
nested rings of boundary vertices which are fixed. We add for
these verticespi the equationpi = ci in the linear system,
where theci are the original vertex positions. This imposes
a C1 boundary condition on the problem. The hole vertices
can move freely.L2(pi) = 0 is added to the linear system for
every free vertex. The corresponding matrix is sparse and the
linear system can be solved efficiently with iterative methods
like GMRES [18].

The mesh holes are determined by a region growing algo-
rithm and filled sequentially. The uniform Bilaplacian operator
in Equation (4) leads to uniform edge lengths. To preserve the
quadratic mesh structure, the vertex neighborhood is restricted
to horizontal and vertical neighbors for interpolation. In order
to remove noise artifacts, the mesh is slightly smoothed by
Laplacian smoothing using the same neighborhood structure in
the spatial and temporal domain. Outlier vertices are removed



Fig. 4. Top: the reconstructed surface faithfully represents the cloth folds
visible in the input frame. Bottom: retextured surface and overlayed wireframe
demonstrating the accuracy of the reconstruction.

and interpolated from neighbors by analyzing the spatial and
temporal neighborhood.

V. RESULTS

The scene is recorded with eight synchronized Imperx
1004C vision cameras and a hard disk recording system at
a resolution of1004 × 1004 pixels and frame rates up to
45 frames per second (25 fps in the following examples).
The cameras are arranged in a circle around the scene. A
controlled lighting environment improves the reconstruction
results significantly by reducing the effects of self-shadowing.
The scene is illuminated by two HMI lamps with softboxes.

For camera calibration we use Zhang’s method [19]. Our
complete reconstruction method requires from feature recog-
nition to mesh post-processing approximately 30 seconds per
video frame on a Pentium IV 3.2 GHz. The garment triangle
meshes have 3000-3500 mesh vertices.

It is difficult to evaluate the reconstruction results when
ground truth is not available. We render the obtained surface
into the original video images to estimate the accuracy of the
acquired shape (Fig. 4). The reconstructions are quantitatively
accurate. The largest discrepancies occur in dark cloth areas
and near the image borders due to decreasing camera calibra-
tion accuracy. Furthermore, the visible folds and the overall
fall of the garment are recovered. Results are best assessed in
the accompanying video, which shows examples for slow and
fast motion.1

VI. CONCLUSIONS

We have presented a method for robustly acquiring complex
cloth motion. By using color-coded textures, we can estab-

1
http://www.mpi- inf.mpg.de/˜vscholz/eg05/GarmentMotionCapture.html

lish reliable point correspondences between different camera
views. A prior triangle mesh model enables us to plausibly fill
in missing data. Our method provides a surface parametriza-
tion that allows retexturing and rendering the dynamic surfaces
realistically from arbitrary viewpoints. As continuing work we
develop a single camera method for texture replacement [20].
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