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Abstract

Cloth simulations are notoriously difficult to tune due to the many parameters that must be adjusted to achieve
the look of a particular fabric. In this paper, we present an algorithm for estimating the parameters of a cloth
simulation from video data of real fabric. A perceptually motivated metric based on matching between folds is
used to compare video of real cloth with simulation. This metric compares two video sequences of cloth and
returns a number that measures the differences in their folds. Smulated annealing is used to minimize the frame
by frame error between the metric for a given simulation and the real-world footage. To estimate all the cloth
parameters, we identify simple static and dynamic calibration experiments that use small swatches of the fabric.
To demonstrate the power of this approach, we use our algorithm to find the parameters for four different fabrics.
\\e show the match between the video footage and simulated motion on the calibration experiments, on new video
sequences for the swatches, and on a simulation of a full skirt.

1. Introduction The motion of fabric is determined by resistance to bend-
ing, stretching, shearing, external forces, aerodynamic ef-
Several recent major movie releases have demonstrated thagects, friction, and collisions. Although with the right set
the motion of clothing adds greatly to the appearance of & of parameters good simulators produce very realistic look-
virtual character. This effect is particularly compelling for  jng motion, choosing parameters that will provide a particu-
scenes that include both real and synthetic actors such asjgr appearance remains a time consuming task that requires
those with Yoda and Anakin Skywalker Episode II: At- the computation and viewing of many forward simulations.
tack of the Clones. In such scenes, the virtual clothing must - 5ome parameters can be chosen based on the animator’s in-
move and be rendered so that it blends in seamlessly with tition about the fabric—a knit fabric is more stretchy than a
the motion and appearance of the real clothing in the scene. yoyen fabric such as linen, for example. But not all the pa-

Realistic virtual clothing is possible now because of recent rameters of a cloth simulator are intuitive or map directly to
advances in cloth simulation techniqti&s- 37.6,
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measurements that can made by a system such as the Kawaef fabric to a series of mechanical tests and measuring the
bata systed?. In our paper, we address this problem by us- force needed to deform it into a standard set of shapes. Al-
ing optimization to automatically determine these parame- though the Kawabata system can provide accurate measure-
ters from a sequence of video frames of the fabrics under ments, these measurements are problematic for computer
consideration. graphics cloth simulation problems for two reasons. First,

The parameters are optimized on a set of static shots andthere might not be a d?rect and simple mapping between the

n Parameters for a particular cloth model and the Kawabata

parameters. Second, the Kawabata system does not measure
sdynamic cloth parameters, e.g. air drag or damping, which
are of key importance for moving cloth.

motion clips of a small swatch of a particular fabric and the
tested on a simulation of a full skirt made from that fabric.
We designed the swatch tests to span the space of behavior
that we expect to see in the final sequences of motion with
the skirt so that all parameters can be tuned appropriately.  One promising approach for modeling cloth parameters is
We use simulated annealing for the optimization step with to automatically search for parameters that match real, ob-
an optimization function that assesses the extent to which served cloth. Jojic and Huang fit parameters of a particle-
the folds in the simulated and physical fabric match. This based cloth model to fit a range scan of real cloth in a static
match is evaluated by means of a shape metric that uses pro-rest configuration, draped over a spfér#lore challenging
jected light to detect surface orientation in real and simulated siill, they attacked the problem of measuring the 3D geom-
fabrics. The metric is tuned to be most sensitive along folds etry of an object from the resting shape of a piece of cloth
and to discount planar regions. draped over it, a problem that we do not consider in this pa-

We use the system to find the parameters for four different Per- However, Jojic and Huang did not treat the problem of
fabrics. We show the match between the video footage and Measuring dynamic parameters or demonstrate accurate re-
the simulated motion on the calibration experiments, on new SUlts across a range of fabric types.

video sequences for the swatches, and on a simulation of @  \ore distantly related are techniques for computing the

full skirt as shown in the image on the previous page. geometry of cloth from images. Coarse estimates of the
time-varying geometry of cloth can be computed using tra-
2. Related Work ditional stereo matching techniques by using two or more

cameras and treating each time instant independently (see
Scharstein and Szeliskifor an overview). More accurate re-
sults may be obtained by projecting structured light patterns
on the cloth (see Zhang et®lfor an overview). Rather than
computing shape at every time instant independent from the

tic and fast. Baraff and Witkin describe a cloth model that . . . .

. . T . . next, it can be advantageous to integrate images over time to
uses stiff springs with implicit time integratiénThis model improve accuracy. Two examples of bromising work alon
was subsequently adapted to reduce the over-damping due to P Y- P P g g

S . A . these lines are Carceroni and Kutulakesid Torresani et
implicit integratior?. Explicit time integration approachés ” . . .

. . . . al34 both studies demonstrated reconstructions of moving
use weaker springs for stretching and shearing, often explic- cloth
itly limiting the amount of stretchir@§ . Choi and Ko in- '
troduced a bending energy model that more accurately cap-
tures the fine creases gnd bends of @Iotfaht_ay provides 3. Cloth Mode
a comprehensive overview of cloth hysteresis models from o _ )
the perspective of computational fabric mechaffidExten- Because our framework for estimating cloth simulation pa-
sive work has also been done on modeling collisions and rameters is independent of the cloth model, we can, in prin-
friction. Cloth self-collision is handled either by untangling ~ Ciple, select a specific model that meets a set of criteria such

Cloth modeling has a long history, dating back to work in the
textile community from the mid-1930s by PeiféeMNork on

cloth modeling in computer graphics has focused on devel-
oping dynamic simulation techniques that are both realis-

the cloti#7-393 or by preemptively avoiding collisioA%20.6. as accuracy or simulation speed. Our choice of a cloth model
Various potential field methods have been used for general was guided by two principles, realism and practicality. \We
collision detection and resporidé2, wanted to use a model that was sophisticated enough to

Despite this large body of work on cloth simulation mod- captu_re the_ detailed dyna_mic behavior found in regl fab_rics

els, little work has appeared in the computer graphics liter- but still straightforward to implement. Because our mten_tlon

atu,re on estimating the parameters of these models so thatWas 0 apply the Iea.rned FlOth model pgram.eters 0 arblFrary
garments with varying triangle resolution, it was also im-

th?.y rrlatchhthebbehav;ord_ofd rgalthfatirlcii Cloth par_e;mefter portant that the cloth parameters correctly scale to varying
estimation has been studied in the textile community (for resolutions of cloth.

an overview, see Breen and colleagdigsbut such meth-

ods have not yet enjoyed wide-spread use in the computer We used the model described by Baraff and Witkin as the
graphics community. An important exception is the work by basis for our cloth simulatérThis model has sufficient rich-
Breer? who used the Kawabata syst&nto measure bend- ness to produce a wide variety of cloth behaviors. The un-
ing, shearing, and tensile parameters by subjecting a swatchderlying meshing is triangular, making clothing modelling
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easier. More importantly, its input parameters are indepen-

is merely Stokes’s laly the quadratic term matches bet-

dent of meshing, so that parameters recovered on one mesthter the experimental behavior of macroscopic bodies in low
(the test swatch) can safely be transferred to another (the Reynold’s number flo##. The addition of thetvN|2 termin

skirt). While nonlinear models such as the buckling behav-
ior of Choi and K@ could potentially capture more realis-
tic details of cloth, there is no straightforward way to scale

the denominator which makes the force asymptotigzas-
oo was partially motivated by the observed phenomenon of
drag crisis!4, where under certain circumstances the drag

the parameters of these models to meshes of varying reso-can actually drop at the onset of turbulehcthe optimizer

lutions. We expect that future application of our parameter-
estimation framework to other scale-invariant cloth models
will provide even more realistic results.

The model developed by Baraff and Witkin formulates the
energy of a particular triangle in terms of so-caléeddition
functions C(x) such that the total potential energy associated
with the system is given by

ks

Eu= Ec(x)cT (X) (1)

whereks is a stiffness coefficient associated with the partic-
ular condition function. Forces are then simply calculated by

@)

Damping forces are similarly fomulated in terms of the
C(x),

F — VXEU

dc -

d = kg C(x) 3)

We thus associate a stiffness coefficiggtand a damping
coefficientky with each of theC(x). In their paper, Baraff
and Witkin describe a set @ (x) consisting of an in-plane

is free to eliminate this behavior or other terms of this equa-
tion by setting the corresponding parameters to zero.

Initially, we used a first-order implicit Euler time inte-
gration scheme similar to the one described by Baraff and
Witkin4. Unfortunately, we found that implicit integration
introduced damping which could not be eliminated by op-
timizing cloth parameters. We had more success in match-
ing realistic cloth motions by using higher-order explicit
methods. The results in this paper all use an adaptive 4th-
order accurate Runge-Kutta methods with embedded error
estimatiod. While this method offers the advantages of fa-
miliarity and automatic bounding of error, it is rather slow,
and recent work suggests that using 2nd-order backward
difference& or Newmark schemésnay be a better choice.

For collision handling, we use a model similar to Brid-
son and colleaguésvhich combines repulsion forces with
impulses to robustly prevent all collisions before they occur.
However, separating repulsion forces from the cloth inter-
nal dynamics and applying them outside the Runge-Kutta
solver affected stability and resulted in visible artifacts. In-
stead, we apply repulsion forces inside the solver loop, so
that the solver’s own internal error estimation can remove

stretch term, an in-plane shear term, and an out-of-plane these artifacts. The drawback of this technique is speed, be-
bending term, giving a total of six parameters we can use cause the system must check for collisions every time it eval-

to tune the internal cloth model. We refer the reader to their
papef for the full details. We note, however, that (as they
allude to in footnote 5gnergy should scale linearly with tri-

uates the state derivatives (as opposed to once eaHiy
sion timestep as in Bridson et d). To achieve acceptable
performance, we used a number of collision culling algo-

angle area to ensure scale independence. Therefore, we neegthms, including hybrid top-down/bottom-up updtefast

to be careful when substituting(x) for stretch and shear
into eq. 1 that the resulting formula is linearamather than
quadratic.

In the course of running our experiments, we discov-

triangle reject test§, and a curvature-based criterion for re-

jecting self-collisions that was first introduced by Volino and

Thalman#® and later refined by Provit

ered that a linear drag model such as that used in previous4. A Metric for Matching Simulation to Video

cloth work*® was not able to capture dynamic aspects of
cloth. In order to add additional air-drag degrees of free-
dom to our cloth model without resorting to fully modeling
aerodynamic®, we developed a simple nonlinear alterna-
tive. To calculate the drag force on a triangle, we decom-
pose the average velocity on the face into two components
one normal to the surfacey) and one tangential/{). Total
drag force is then a linear function of tangential velocity and
a quadratic function of normal velocity, with an additional
termk; that controls the degree of nonlinearity,

knlvnl® VN

fgrag=—a| ————5 —— +ktVv
drag <1+kaN|2|VN| TT)

wherea is the area of the given triangle. The linear term

(© The Eurographics Association 2003.

We use a perceptually motivated metric to compare the mo-
tion of cloth in simulation with a video sequence of real
fabric motion. Our algorithm compares the two sequences
frame by frame and computes an average error across the
entire sequence. Real fabrics exhibit a wide variety of mo-

' tion ranging from soft and flowing (satin) to stiff (linen). Our

metric captures the complex dynamics of cloth motion and
also helps to distinguish between different fabrics.

Researchers in computational neurobiology hypothesize
that the human perceptual system is sensitivantving
edgesin vided'! 12 36, Studies have shown that the receptive
fields of simple cells in the macaque cortex act as edge or
line detectors, responding to oriented edges or lines in natu-
ral scene® 3510, |n cloth, these edges correspond to folds,
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which are regions of high variation in shape. Hence, our per-
ceptually motivated metric for cloth compares two video se-
qguences, one from simulation and one from the real world,
and returns a number that measures the differences in their
folds. The metric also penalizes the silhouette mismatch be-
tween the two sequences.

Fold Detection and Representation: Folds appear as soft
edges in video whose appearance is dependent on material
properties and lighting. Haddon and Forsytt# describe

a learning approach for detecting and grouping folds (and
grooves) in images of fabrics. Their technique can handle
lighting effects caused by diffuse inter-reflections in cloth.
However, most fabrics have very complicated reflectance
properties. In our experiments, we normalize the effects of
lighting and material reflectance by projecting a structured
light pattern of horizontal stripes onto the fabric.

Figure 1: Top Row: Input light striped image. Bottom Row
(left to right): angle map and gradient mask.

From the light-striped video sequence, we compute the
dominant orientation for each edge pixel by convolving it
with a steerable filter badk In our implementation, we use
the G2/H2 quadrature pair with kernel size 12 as the basis fil-
ters. Details of computing the dominant orientation from the
coefficients of filter bank response are given in Appendix |
of Freeman and Adelséh We convolve the image with the
filter bank, compute the filter coefficient responses, blur the
coefficients using a gaussian kernel, and compute the dom-
inant orientation from these coefficients. We define the re-
sulting orientation image as amgle map, shown in Fig. 1.
The angle map, which measures the local orientation of the
projected pattern, has a constant value when the surface is
planar and varies at folds. We threshold the gradient of the
angle map to get gradient mask My for each frame of video

Figure 2: The stages in the metric pipeline. Top row (left to
right): Angle map from video, angle map from simulation.

(Fig- 1). Bottom row (l€ft to right): angle map difference, final met-
Mi(i, ) = L0, )l >1 ) ric value for this frame (angle map difference multiplied by
K Lo oG, )<t gradient mask from video).

wheret is a user defined threshold afd(i, j)|| is the mag-

nitude of the gradient of the angle mag&g). The gradient

mask is non-zero at regions of high gradients, corresponding framek along the sequence is
to folds, and zero at planar regions.

Fold Comparison: Our metric computes the frame by
frame sum of squared differences (SSD) between masked
angle maps in simulation with video. We preprocess the in- where(S,,S) is the size of the angle maps aftf?,
put video sequence to compute the angle map at each frameare the angle values from real and simulation angle maps
Similarly, in simulation, we render the cloth shape using the respectively.

current parameter values and project the same striped pat-

tern, to get a striped simulation sequence. We compute the Silhouette Comparison: In addition to the angle map error,
angle map at every frame in simulation from this sequence. we penalize the silhouette mismatch between the simulation
We then compute the SSD of the angle values for all over- and the video of real cloth. This penalty is proportional to
lapping points in the two angle maps. We pre-multiply this the difference between the two silhouettes, i.e., the number
difference with the gradient mask, which helps to emphasize of mismatched pixels.

the differences in fold regions over planar regions (Fig. 2). s S

We sum the error across all frames to compute the overall Eﬁ"h _ Z, zo | ALeal (i, ) 7A‘s<im(i’ i (6)
error across the entire sequence. The error at any particular i=0j=

S S i
EJ°'d:;J-Zomko,w<eLeaJ(i,i>—eﬁ‘m<i7J>>2 ®)

esim
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Figure 3: This plot shows angle map error as a function
of bend and stretch stiffness parameters. Dark areas indi-
cate regions of small error and bright areas correspond to
large errors. Note that the space is fairly noisy. The mini-
mum found by the optimizer is contained in the large dark
region in the lower portion of the plot.

Figure4: Perturbation analysis at the solution for bend stiff-
Ness parameter.

its local gradienta—%; it relates a small change in parameter
value to a change in the error value. Instead of computing the

where gradient, we robustly compute thariability of the param-
o 1, insidesilhouette eters, defined agg. To compute the variability, we perturb
A ) = { 0, otherwise @ each parameter of the simulator individually up6.20%

of its value, compute the error and fit a quadratic to the data

(Fig. 4). From the quadratic, the variability is computed as
+aggh (8) the change in parameter values that results in a 1% change
in the error. Parameters with low variability have high sensi-
tivity and are estimated reliably for a given experiment.

The total error in framé is

Ey = Elzold
wherea is a user-defined weight that controls the relative
contribution of the two terms. We used a value of 0.1dor

in our experiments. The error across the entire sequence of

lengthN frames is given by 6. Optimization Framework

N
E=) E 9 We use simulated annealing to find the parameters that min-
k=1 imize the error function given in eq. 9. Simulated annealing
initially explores the space in a semi-random fashion and
5. Parameter |dentification eventually takes downhill steps. The likelihood that it will

take a step in a direction that is not locally optimal is a func-
tion of thetemperature (Fig. 5). We chose to use the contin-
uous simulated annealing method presented in Pres$%t al.
which combines the Metropolis algorithm with the downhill
simplex method for continuousvariable optimization. We
found it useful to reset the simplex with the current best so-
lution when the temperature reduces by a factor of 3. Prior
to optimization, we perform an exhaustive search for each
fabric, where we choose four values for each cloth parame-
ter across its entire range. This corresponds to a very coarse
sampling of the parameter space. We simulate the fabric for
all points in this coarse set and compute the error for each

In addition to the parameter values, we estimate the rel- point by comparing against the real fabric. We initialize the
ative importance of each parameter for a given experiment optimizer with the point corresponding to the minimum er-
by performing a perturbation analysis at the solution point. ror. We have found that this strategy allows the optimizer to
The importance osensitivity of a parametep depends on locate a good minimum of the space.

We use optimization to estimate the parameters of the cloth
simulator from video. Before we describe the details of the
optimizer, we look at the error space of the angle map met-
ric, which gives us useful insight about the parameters of
the system. Fig. 3 shows the variation of error for differ-
ent values of bend stiffness and stretch stiffness coefficients
for satin. To generate this error map, we compared the an-
gle map from one frame in video with several angle maps in
simulation. From the figure, it is evident that the error space
is fairly noisy, with many local minima, motivating the need
for a global optimization technique.
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Figure 6: The static test with four real fabrics. Top row (left
to right): linen and fleece. Bottom row: satin and knit. Top
corner separation isidentical across all four fabrics.

Figure 5: Progress of the simulated annealing optimizer as
measured by error. The temperature decrease is gover ned by
a geometric cooling schedule.

7. Experiments

We designed a few simple experiments to capture the dy-
namics of the different types of fabrics and the air/cloth in-
teraction. The experiments are easy to perform, capture, and
repeat; yet they demonstrate the complex dynamics of cloth
motion. The parameters obtained from the simple experi-
ments were used to simulate skirts and other complex fab-
ric motions. In essence, our experiments were designed to 8 Results
be acalibration setup for estimating the static and dynamic
parameters of a cloth simulator. In this section, we report the results of simulation parameters
. . . . obtained using our technique applied to four fabrics: linen,
We perform tWO. estimation expen:(nents for ea(f:r; faprlc_, a fleece, satin agd knit. We rgeasuegd the mass and dimensions
ﬁtr?:: tfeliteigd \év:t\innn%:\?i(r\\/i\:e ':'Jrsm:ge cf):lgrti)égeesxﬁibi?t)arl(\:/;ae of the fabrics. We also_ accura_tely measure the position of
’ : . . the two top corners using a Vicon motion capture system.
range of st«_smc and dynamic behavior and span a large rangeyye compute the projection matrices for the camera and pro-
of real fabrics. jector using a calibration grid comprising of several motion
We perform the static and waving tests on a small swatch capture markers. We performed two trials per experiment,
of each fabric. In the static test, the two top corners of the each with slightly different initial conditions and optimized
fabric are held stationary, and the fabric is allowed to sag on the first 50 frames of video in each trial. Each trial took
under gravity. For a fixed separation between the top cor- approximately 50 hours to converge on a 2.8GHz Intel Xeon
ners, different fabrics attain different static shapes as shown processor (approximately 600 iterations of simulated anneal-
in Fig. 6. The static test give a good estimate for the static ing). For this reason, we started the optimizations on the two
stiffness and bend parameters. In the waving test, one of trials (per fabric) with the same initial guess and chose pa-
the top corners of the fabric is fixed and the other corner is rameters (optimized) that minimized the total error on the
moved back and forth (Fig. 7). The waving motion of fab- two trials.
rics in simulation is affected by their dynamic parameters.
We see from the accompanying videos that real fabrics ex- Static test. We perform optimization on two trials for each
hibit a wide range of interesting motions. Different fabrics fabric; the results are shown in Fig. 8 and Fig. 9. The two tri-
also exhibit different types of motion for the same input ex- als have different separation distances between the top cor-
citation. We designed the waving motion to roughly match ners. For each fabric, we optimize for six parameters: stiff-
the types of motion occurring in real garments such as skirts. ness and damping parameters for stretch, shear, and bend.
This gives reasonable estimates for cloth parameters while The air drag parameters were fixed for this experiment to the
avoiding the need to optimize directly on complex fabric ge- mid point of their range of values. The initial values for the
ometries (e.g. skirts) involving many collisions. two trials are obtained from a coarse exhaustive search (four

Figure 7: Three frames from the waving test for satin.
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Figure 8: Results of optimization for the static test, trial 1. Top row: real fabrics (left to right) linen, fleece, satin and knit.
Bottom row: Corresponding fabricsin simulation.

Figure 9: Results of optimization for the static test, trial 2. Top row: real fabrics. Bottom row: Corresponding fabrics in

simulation.
Linen Fleece Satin Knit
Pars Start Exp 1 Exp2 Start Exp 1 Exp 2| Start Exp 1 Exp 2| Start Exp 1 Exp 2
1 le-3 0.009  0.0045 le-4 0.0001 0.0001 le-5 1.106e-5 6.94e-6 le-6 1.52e-6  1.5le-G
2 4000 404.9  3682.1 50 129.2  200.04| 50 19.58 19.38| 50 27.97 28.36
3 215.442 175.374  208.1% 215.442  103.96 31.391 50 76.81 69.65| 50 1226.44 2693.07
4 le-7  9.92e-7 3.22e-1 2.15e-6 2.13e-7 4.1lle-f 1le-7 2.49e-7 3.98e-1 le-7 1.0le-7 2.27e-1
5 10 12.16 10.17 10 4.78 0.064 10 14.42 3.68 10 10.12 11.83
6 10 2.19 13.17 10 13.86 3.75 10 4.11 4.56 10 0.13 4.04

Table 1. Tabulation of the static parameters from two experiments. Legend: 1=bend, 2=stretch, 3=shear, 4=bend damping,
5=stretch damping, 6=shear damping.

(© The Eurographics Association 2003.
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Figure 10: Waving results for satin. The top picture in each block shows the real fabric and the bottom shows the corresponding

frame from simulation.
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Bend Stretch Shear Bend Damp  Stretch Damp  Shear DampError

Initial Values 1.0e-05 50 50 2e-07 10 10 179.026
Optimization 1 | 6.93766e-06  19.3832 69.653  3.98337e-07 3.67932 4.562384.747
Optimization 2 | 7.77204e-06 20.2884 32.6492 2.08755e-07 1.95807 10.65364.502
Optimization 3 | 8.75613e-06 19.8365 50.8304 2.56854e-07 7.08276 9.255763.501
Optimization 4 | 9.55647e-06 19.2745 74.7429 3.14821e-07 5.47909 1.065%03.243
Optimization 5 | 8.47762e-06  20.1119 36.762 2.3997e-07 8.38981 11.91603.849

Variability (in %) 9.18 8.10 23.01 21.11 >100 >100

Table 2: Performance of simulated annealing on several optimizations. All the optimizations start with values which are within
+5% of the initial values given in the first row. Parameters with high variability (e.g., stretch damping) are estimated poorly
and vary significantly across the different optimizations. However, parameters with low variability (e.g., bend) are consistent

across multiple optimizations.

Linen Fleece Satin Knit
Pars Start Exp 1 Exp2 Start Exp 1 Exp2 | Start Expl Exp2 | Start Exp 1 Exp 2
1 le-3 0.001 0.0008 le-4 1.13e-5 0.0001 le-5 6.4le-6 5.64e-6 le-6 1.12e-6 1.16e-6
4000 2016.8 2935.26 50 82.61 89.32| 50 26.42 32.37| 50 69.75 12.68

215.442  167.833 465.73 215.443 255.198 296.861 50 97.77 74.24| 50 37.48 59.99
le-7 3.17e-7 4.76e-1 2.15e-6 1.36e-6 1.31e-6 le-7 1.48e-6 1.24e-71 le-7 1.04e-7 5.4e-1

oO~NO O~ WN

10 271 5.17 10 2.39 5.92 10 0.57 4.48 10 4.52 3.87

10 3.89 5.52 10 1.59 9.82 10 6.57 4.73 10 4.93 2.64

2 8.73 2.18 2 2.40 1.62 2 4.85 0.85 2 1.54 0.99

2 5.56 1.99 2 3.15 0.31 2 1.76 1.48 2 0.52 1.79

9 2 0.44 1.29 2 4.28 1.23 2 0.95 0.79 2 1.22 0.33

Table 3: Waving parameters from two experiments. Parameters from the experiment shown in bold is selected as the final
estimate from this experiment. Legend: 1=bend, 2=stretch, 3=shear, 4=bend damping, 5=stretch damping, 6=shear damping,
7=linear drag, 8=quadratic drag, 9=drag degradation.

Variability
P

Variability

Variability

Variability
5 8 oy o

1 2 3 4 5 6 1 8 9 1 2 3 4 5 6 7 8 9 71 2 3 4 5 6 1 8 0 1 2 3 4 5 6 7 8 9
Parameters Parameters Parameters Parameters

Figure 11: Bar charts showing the variability analysis results for the waving test. Fromleft to right: linen, fleece, satin and knit.
Legend: 1=bend, 2=stretch, 3=shear, 4=bend damping, 5=stretch damping, 6=shear damping, 7=linear drag, 8=quadratic
drag, 9=drag degradation.
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values per parameter). The initial values and final values of
the estimated parameters are summarized in Table 1. Figs.
8 and 9 show a very good visual match between the sim-
ulations with their counterpart real fabrics. However, there
is a significant disparity in the final optimized values from
the two trials. In order to understand this disparity, we per-
formed a set of optimizations (on a single fabric) with very
similar initial values. Table 2 shows the parameter values
for satin from five optimizations where the initial condi-
tions were randomly varied by-5%. From the table, we
see that the final error values are very close. We get con-
sistent estimates for parameters that have lower variability
(e.g., bend, stretch). Parameters with high variability are es-
timated poorly, because their values do not contribute suffi-
ciently to the error. This result is consistent with our intuition ~ Figure 12: Showing the improvement in shape match after
that static tests cannot be used to estimate dynamic parame-optimization. The top row compares a video frame of fleece
ters like stretch and shear damping or air drag and motivates with simulation before optimization. The bottom row shows
the waving test, which excites both the static and waving pa- the corresponding video/simulation pair after optimization.
rameters.

Waving test. We optimize for nine parameters in the wav-

ing test: the six cloth stiffness and damping parameters and
three air drag parameters (Fig. 10). As with the static test,
we initialize the static parameters in this test from a coarse
exhaustive search. The dynamic parameters were initialized
using a random guess. We optimized on the first 50 frames
of the sequence. The initial values and final values of the
optimized parameters for two trials are reported in Table 3.

The final values of the parameters from the two trials differ Figure 13: Comparison of angle maps for the shapes shown
in part because the variability of the parameters is still fairly in Fig. 12 before and after optimization. Top Row (Before
high (Fig. 11). Different motions or larger sequence might Optimization, from left to right): Angle map from video, an-

further reduce the variabi_lity gf the parameters. We choose gle map from simulation, angle map SSD. Bottom Row: The
the parameter set that minimizes the sum of the error from corresponding anglemaps after optimization.

the two trials. For instance, in the following example of
fleece waving, we choose the parameters from experiment 2.

Error: Exp 1 | Error: Exp 2 | Total Error | see that each fabric in simulation has a minimum error when
Pars: Exp 1 4257.2 109135|  15170.7 compared to its counterpart in reality. Fig. 14 also demon-
Pars: Exp 2 4566.2 71443] 117105 strates that our approach could be potentially useful for rec-

This approach seems to produce plausible results with ognizing different types of fabrics in video.
skirts and other validation experiments. However, we
believe that a more general solution for parameter identifi- Generalization. We evaluated the parameters obtained
cation using our framework is to simultaneously optimize from optimization on longer sequences (150 frames). Fig. 10
across multiple trials of different experiments. and the accompanying videos show a good visual match be-
tween corresponding frames in simulation and video. All
Optimization progress. Fig. 12 shows the static shape of videos are available off our web page and/or included in the
the simulation before and after optimization. Fig. 13 shows DVD. The videos also show that the parameters obtained
the corresponding angle map comparison. These two figuresfrom optimization generalize well on new sequences. We
show the progress of the optimization and indicate that the also validated the estimated parameters on a long sequence
minimum corresponds to a visually compelling match. actuated by a robot (Fig. 15). We used a a Mitsubishi PA-10
robot arm to move the corner point along a simple sinusoidal
Metric validation. We compare each of the four optimized trajectory, thereby ensuring that we had the same input mo-
angle maps from simulation (corresponding to the four fab- tion across different fabrics. Finally, we used the optimized
rics) with the four angle maps computed from video. In parameters to simulate a skipping motion of a human ac-
Fig. 14, each curve shows one fabric (e.g., fleece) comparedtor wearing a skirt (Fig. 16). Here, the actor repeats the same
with four simulations, corresponding to each fabric type. We skipping motion (approximately) for the four different skirts.
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We used data from a full body optical motion capture of the models are continually improving. For example, Bridson et

actor performing the same skipping motion (in another trial) al.” introduces a scale-independent bend model with encour-
to drive the character for the cloth simulation. The results aging results.

show that the parameters obtained from our optimization ap-
proach approximately capture the static shape and dynamic
properties of skirts of different materials.

Our cloth model does not diverge significantly from pre-
vious models discussed in the literature. Our only major
addition was a simple nonlinearity we introduced into the
drag model. Hence, our approach should generalize to any

parametrized cloth model that produces a sufficiently rich
Linen set of physically realistic motions.
Although the skirt is far more complex than the swatches
that were used to determine the parameters, it is not as
Fleece complex as many garments, for example, a form-fitting
g pair of pants or a tailored blazer. For more complex gar-
= Satin ments, choosing the parameters via optimization on small,
Knit flat swatches may not be sufficient because the shape of the
garment is determined by darts, pleats and by the interplay
of different fabrics (wool, lining, and interfacing, for ex-
ample). More complex garments may require the hand de-
o sign of additional tests that mimic particular behaviors or
Linen ?im Fleece Sim Sa“““ Sim Knit Sim elements of the garment in isolation. Moreover, the model
Optimized Simulation Parameters might need extra parameters to handle anisotropic effects,
hysteresis and coupling effects (stretching along one direc-
Figure 14: Comparing the optimized parameters in simula- tion causing shrinking in the other direction), all of which
tion for each fabric with the four real fabrics. For example, would need specialized tests.

point 1 in the graph shows the error when a simulation with
fleece parametersis compared with video of satin. Smilarly,
point 2 is the error when the satin simulation is compared
with real satin. The four curves have a minimum when they
are compared to their correct counterparts.

En route to the metric used in the experiments described
here, we tried a number of other metrics: comparing the
overlap of the silhouettes, the distance function between sil-
houette edges, and using information from internal edges
marked on the fabric. The metric that measures folds and
silhouettes, in concert with the projector for the light stripes,
proved to be a simple and effective metric that far out-
performed our earlier attempts. The space of possible met-
rics is vast, of course, but one class of metrics that we did not
This paper describes an optimization framework for identi- experiment with are statistical metrics that compute a func-
fying the simulation parameters of cloth from video. We cap- tion of the shape of the fabric across time rather than evalu-
tured the behavior of small swatches of fabric using a set of ating the match on a frame-by-frame basis. The experiments
dynamic and static tests and demonstrated that the optimizerwith the swatches were carefully controlled to have initial
could identify appropriate simulation parameters from those conditions for the simulation that matched those seen in the
tests. These parameters produced four distinct and recogniz-video. If instead, we were to optimize on more complicated
able fabrics when applied to a more complex simulation of a garments, then such tight control of the initial conditions is
skirt as it was driven by motion capture data from a human unlikely and a statistical metric might be preferable. Such a
figure. metric might, for example, compute the average number of
folds across a time sequence rather than looking for a fold to
appear at a particular location on the swatch.

9. Discussion

The cloth model was not the main focus of this research,
yet in early versions of the system it was often the bottle-
neck in achieving appealing results. To match a video se-  Our hope is that this work will promote a more rigorous
quence accurately, the cloth physics model as well as the evaluation of various cloth models, especially with respect
collision algorithms must be chosen carefully. Instabilities to how accurately they match reality, and perhaps lead to
in the collision handling will cause perceptible quivering creation of a standardized set of benchmarks for cloth simu-
in the motion of cloth. Similarly, extra damping introduced lation models.
by the integration method makes crisp folds impossible to
match. The parameters must also be independent of the res-10 Acknowledgements
olution of the mesh so that they can be identified on low res- =
olution swatches and applied to higher resolution garments. We like to thank Jia-Chi Wu for his help in implementing
Progress is being made in these areas, however, and cloththe cloth simulator and the simplified air drag model. We
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Figure 15: Validating the estimated parameters using the same input excitation. The top right corner of the fabric is actuated
using a Mitsubishi PA-10 robot. Each row shows the match between video (top) and simulation (bottom) at four frames chosen
from a 100 frame sequence. The fabrics, fromtop to bottom, are linen, fleece, satin and knit respectively.
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Figure 16: Validating the estimated parameters on a more complicated motion and garment. \We show (from left to right, top to
bottom) several frames of an actor skipping while wearing a fleece skirt. The corresponding frames of the skirt in simulation
shows that our technique captures the approximate shape and dynamics of the real skirt. These frames were equally spaced
across the entire sequence (0.5 seconds apart). The videos in the webpage show the validation results on all four skirts.
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also thank Roshni Sivasankaran, Bonnie Jang and Priyanka
Vaddi for their help with the skirt motion capture experi-
ments, and Mike Stevens for cleaning up the motion cap-
ture data. The support of NSF under ITR grant 11S-0113007
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