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This supplementary material contains further information
about the physical simulation and the rendering gradients
in Section |. Further implementation details and additional
formulas are summarized in Section 2. The complete eval-
uation of the appearance estimation as one possible down-
stream task for the 3D reconstruction is given in Section 3.

1. Method

1.1. Numerical Integration Scheme

For simulation, we discretize the time into constant steps
of At = 5ms resulting in all time-dependent quantities
to be discretized accordingly, e.g. vertex positions &,, =
Z(nAt). The update rules when applying the backward Eu-
ler schemes to Newton’s law are given by
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However, these rules require information about the time
step that we are trying to compute in the first place. This
problem can be solved by introducing the differences Av =
Upt1 — Up and Az = Zpy1 — Ty, = Aty and approxi-
mating the force by a first-order Taylor series [1]:

—

Foi1 = F(Z, + AZ, 0, + A7)
OF (2, Ty)

~ F(Z,,0,) + B AT+ 9% AT (3)
. OF, _ oF, .
=F,+ Ataifnvn—&-l + T;AU

Inserting this approximation into Equation (1) yields the ex-
pression
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which can be transformed to get
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for the velocity update. This linear system of equations can
be solved using only quantities from the current time step.

1.2. Energy Terms

The forces acting on the cloth can be split into internal
forces (stretching, bending, shearing) and external forces
(gravity, wind, and other contributions). We model the in-
ternal forces explicitly by imposing corresponding defor-
mation energies and obtaining the forces using the deriva-
tives F = —%. The following paragraphs will describe
each contribution in more detail.

Stretching A stretching energy limits the individual
changes in length for edges €%/ between two connected ver-
tices 7 and j. We impose a Hookean energy term
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that penalizes deviations from the rest length ijj. The pa-
rameter Y is called stretching stiffness or Young’s modulus
and scales the amount of stress required to create a certain
strain.

Bending We also define two resistances against the de-
formation of angles within the geometry. The bending en-
ergy describes the resistance against a curvature relative
to the rest state. In the case of a quad mesh, we use
pairs (€%, &7%) of connected edges that form a straight path
on the geometry (see Figure 1). For an enclosed angle
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with the rest angle Qéj % and a bending stiffness B [2, 11].
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Figure 1. Schematic view of a fabric in its rest state, a bend fabric,
and a sheared one.

Shearing Furthermore, an energy term is required that pe-
nalizes shearing deformations of the geometry, as these do
not necessarily result in stretching or bending of the geom-
etry. In real cloth, such deformations will push different
yarns together, resulting in a repulsive force from the col-
lisions. An energy term can again be modeled using the
angles ! = <(&%,&7") of all remaining pairs of con-
nected edges that were not used for bending (Figure 1). The
functional form of the shearing energy

Eg = %s (wiﬂ - soéjl)g ®)

is the same as for the bending energy but contains a differ-
ent scaling parameter .S, the shearing stiffness. It would also
easily be possible to allow for independent stiffness param-
eters for each edge or pair of edges. However, for the sake
of simplicity, we opted to use a homogeneous cloth model.
External Forces All other forces acting on the cloth are
summarized in external forces ﬁcxt. In general, these forces
are not conservative and, thus, can not be modeled as the
gradient of an energy term. Therefore we treat them as ar-
bitrary vectors ﬁfl for each vertex ¢ = 1,..., Ny at each
frame n = 1,..., N¢. Two important examples in our sce-
nario are the presence of wind and manipulations by peo-
ple. Due to their many degrees of freedom, the external
forces are able to model the intricate internal cloth forces
as well. However, previous work has demonstrated that this
approach is much more challenging to optimize and often
results in inferior reconstructions [4]. We can observe simi-
lar effects, as the forces begin to crumple the fabric together
when our regularization terms are omitted, see the ablation
study of the main paper (Section 4.1.3). For more control
we split the external forces Fi = C + D! into a spatially
and temporally constant part Canda dynamic part E;L

1.3. Simulation Details

Time Discretization We perform a physical simulation
using four constant steps of At = 5ms between frames
to match the 20 ms video data. For the sake of simplicity,
we keep the external forces constant for time steps in be-
tween frames, i.e. we reuse the same external forces F;’L four
times until we switch to the next forces F;’, +1- Hence, there
is no difference between simulation steps and frames other
than the simulation error and stability. Individual forces per

simulation time step are easy to implement but may require
some smoothness regularization to get reasonable interpo-
lation steps due to missing target frames to compare to.
Mass In order to apply Equation (5), we need a mass ma-
trix M = ml associated to each vertex of the cloth. To do
so, we define an area density coefficient p. We triangulate
our template mesh, calculate the mass of each triangle face,
and distribute a third of the face mass to each of its ver-
tices. This leads to a relatively homogeneous mass distribu-
tion inside the mesh and lower masses at the mesh border.
Note that the cloth motion is determined by the accelera-
tiongd = M~'F only and scaling force as well as the mass
by the same amount will result in the same motion. Hence,
we keep the area density and therefore the masses constant
using p = 0.1 % while optimizing the forces.
Damping We also include an explicit damping term due
to the large air resistance present for cloth. We consider the
minimalistic damping model

Ty =07, ©)]
that scales down the vertex velocities by a factor of ¢ af-
ter the update steps in Equations (2) and (5) are applied.
The damping is kept constant at § = 0.9 as well, since

small changes will affect the whole movement and make
optimization difficult.

1.4. Orthogonality of Gradients
The gradient of the loss func-
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position (z y z) that will be
projected on pixel (p; py)
during rendering. An illus-
tration of the projection step
is depicted in Figure 2. We now decompose the gradient
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into three parts denoting contributions for the projection
step itself as well as the calculations before and afterwards.
Our renderer makes use of the OpenCV camera convention
such that the camera intrinsic parameters c, ¢y, fu, fy de-
termine on which pixel a vertex will be projected:
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Figure 2. Projection step in
camera coordinates.




Similar calculations can be done for other camera conven-

tions as well. An arbitrary image gradient % =(a b)
z Py

now Yyields the following 3D gradient for the vertex posi-

tion:
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The (unnormalized) view_ipg direction towards the vertex in
camera space is exactly d = (x y z) and the orthogonality
follows directly:
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As a consequence, the orthogonality of the final gradients
?}—5 can only be altered by calculations before the projec-
tion step happens. In our case, the physical simulation in-
troduces complex interaction between vertices such that the
term 8(”672’2) in Equation (10) breaks the perfect orthog-
onality. Nonetheless, the loss of information during the
projection causes the depth ambiguity problem and heavily
influences all gradients with explicit implications for large
portions of the gradient computation.

While this property of the rendering gradients is not new,
our regularization terms are designed to utilize this knowl-
edge and enhance the gradients in order to improve on 3D
reconstruction tasks in monocular setups. While the regu-
larizations are closely related to our specific physical simu-
lation, the presented concepts are applicable in a variety of
scenarios.

2. Implementation Details

2.1. Simulation Scheme

As a consequence of the spatial discretization into discrete
vertices, the energy terms dependent not only on a single
vertex but also on neighboring vertices. In order to get an
accurate update step for all vertices at once, we have to in-
clude their influence as well. Hence, the derivatives 3(,)1%
in Equation (5) have to be computed for all vertices par-
ticipating in the calculation. All derivatives are computed
automatically using the automatic differentiation abilities of
PyTorch [7] such that only the simple energy functions have
to be implemented.

It is possible to infer the physical parameters Y, B, S as
well as the external forces acting on the cloth. However,
we are only able to infer the net forces that determine the

Parameter ‘ Init Min Max Ir
log,o(Y) log,n(200) 1 3 0.02
log,o(B) -3 -4 =2 0.02
log4(S) —4 -5 =2 0.02
c (0,-1,0) - - 0.1
Di, 0 - - 0.2
Texture T’ 0.5 0 1 0.05
Diffuse Tp (0.5) 0 1 2.107%
Roughness Tx (0.5) 02 1 2107
Metallic Tiy (0.5) 0 1 2-107¢
Environment Tx 1.5 0 - 0.01

Table 1. Initial values, limits, and learning rates of all optimized
parameters.

motion of the cloth. Canceling contributions such as grav-
ity and the counteracting holding forces can not be recon-
structed individually. Nonetheless, the reconstructed phys-
ical parameters and forces can be used to recreate or even
change the given dynamics.

2.2. Stable Gradients

Some functions or derivatives introduce numerically insta-
ble or undesired expressions in the forward or backward
pass of the optimization. We mitigate this issue by lim-
iting all such values to always maintain some distance to
all mathematical singularities. However, there may be dra-
matic variations in the gradients that remain, and we address
this issue through two methods. The first is to clip the gradi-
ents to a maximum length of 1000. The second is to employ
an automatic gradient clipping algorithm [9] that clips gra-
dients based on their length in previous epochs.

2.3. Initial Values, Limits, and Learning Rates

We always start with the same parameters to reconstruct the
cloth. Similarly, some parameters are limited to lie between
a minimum and maximum value to ensure a stable simu-
lation. All these values are summarized in Table 1. Note,
that we actually optimize the logarithm of the three stiff-
ness parameters (when using SI units), e.g. log,,(Y"), due
to their large range of reasonable values of which we allow
at least two orders of magnitude. With our hyperparameters
the stiffness parameters do not reach their limits during op-
timization. The different textures and the environment map
are initialized with a uniform gray color. In the case of the
material textures (diffuse, roughness, and metallic textures),
the decoder starts the optimization with gray textures. Note,
that the roughness values have to be strictly positive due to
singularities at zero during the rendering.



2.4. Comparison of all evaluated Methods

All three methods use ground truth geometry in the first
frame but remeshing introduces minor differences between
all of them. ¢-SfT [4] uses irregular meshes with approxi-
mately 400 vertices per scene. They employ arcsim [6] to
perform a sophisticated cloth simulation based on contin-
uum mechanics and PyTorch3D [8] for rendering, both of
which having high computational costs. PG-SfT [10] needs
regular rectangular meshes with 32 x32 = 1024 vertices but
does not apply any texture mapping resulting in distorted
textures compared to ground truth. The physical simulation
is performed by a fast physics-informed neural network that
was trained in a self-supervised way. Although the neural
network computes the simulation results very quickly, its
quality is limited to low-frequency motion due to its simple
convolutional architectures. The rendering is done using
nvdiffrast [5] for fast and differentiable rendering. Our ap-
proach combines the benefit of both predecessors: we em-
ploy a fast yet accurate simulation based on a mass-spring
system. It produces versatile results, is easy to extend and
to implement. For the reconstruction task we use regular
meshes with 25 x 25 = 625 vertices but arbitrary meshes
can be simulated as well. We make use of nvdiffrast as well
for fast rendering but also include nvdiffrecmce [3] for high-
quality rendering based on ray tracing.

2.5. Additional Formulas

2.5.1. Finite Differences

Within the texture mapping phase, the texture 7' is
smoothed using the regularization Ry = FD(T') with
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being the formula for the mean of all neighboring finite dif-
ferences in the texture. The same regularization is employed
to smooth the environment map 7T during the appearance
estimation phase.

2.5.2. Depth Differences

We are able to render depth images Dy of the reconstructed
mesh and compare them with ground truth Dg. We only
consider pixels ¢, j with depth values within the region of
interest (ROI) in which both the ground truth as well as the
reconstructed geometry yield valid depth values:

1
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We report the average depth error for all frames in a scene
as the final metric.
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Figure 3. Renderings and mesh views of all methods for two dif-
ferent scenes.

2.5.3. Chamfer Distance

Similar to previous work [4, 10], we use the symmetric
Chamfer distance to quantify the quality of our 3D recon-
structed geometry.
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The chamfer distance is computed by comparing a ground
truth point cloud Pgt from a depth sensor with a sampled
point cloud Pg on the reconstructed fabric mesh and averag-
ing these values over all frames in a scene. The point cloud
of the reconstructed mesh Py will always have the same
number of points as the ground truth point cloud Pgt. We



use the L; Chamfer distance CD as well as the L, Cham-
fer distance CD5 and compare both of them. The use of
linear and quadratic weighting facilitates the identification
of outliers.

2.5.4. Point to Surface Distance

We also report the symmetric point-to-surface (p2s) dis-
tance between the ground truth point cloud PgT and the
reconstructed triangulated surface Ty

p2s,(Par, Tr) =

using the point-to-triangle distances p2t. Note that in our
case the point cloud is the ground truth data and the mesh
is the reconstructed surface. Thus, a one-sided metric that
averages the minimal distances from each point in the point
cloud to the closest point of the mesh surface would not ac-
count for overly large reconstructed surfaces. Again, we av-
erage the point-to-surface distances for all frames in a scene
for the final metric. Similar to the Chamfer distance, we re-
port the L1 and Lo p2s distance and compare both of them.

3. Evaluation

3.1. Qualitative Comparison

In addition to the qualitative comparison in the main paper,
we present mesh renderings and a novel view for the same
scenes in Figure 3 and for all scenes in the supplemental
video. The novel view camera is always rotated by 45° to
the left for all scenes and translated to get a good view on
the fabric (with individual translations per scene).

We observe that PG-SfT [10] produces overly smooth
geometries that do not capture high-frequency details (e.g.
in scenes R2, R3, and R4) and distorted textures due to erro-
neous uv-maps. ¢-SfT [4] seems to follow the motion well
with minor errors. Especially in scene R2 the renderings
of ¢-SfT and our method look similar, however, the novel
view and the mesh view reveal significant differences on
how the large fold looks like. The fold reconstructed by our
method not only looks more realistic, Section 3.2 shows that
the 3D error for our method is much lower in the this scenes
compared to the other two approaches indicating the correct
folding behavior. In scene RS ¢-SfT also creates an unre-
alistic kink close to the top right corner of the mesh which
is visible in the novel view in Figure 3 while our method
remains smooth as expected for a hanging cloth. Moreover,
the supplemental video displays that our method produces
visibly the best accordance with the ground truth video al-
most all the time.

Figure 4 depicts depth values and depth differences with
respect to the ground truth depth data for two scenes. The
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Figure 4. Qualitative comparison between depth images for two
example frames of different scenes.

depth values show nicely that PG-SfT does not include
any fine wrinkles in the reconstructed mesh despite having
the highest mesh resolution. ¢-SfT and our method both
include such details but our results agree better with the
ground truth values than ¢-SfT’s results. The supplemen-
tal video also points out that our approach yields the best
depth values almost all the time.

3.2. Quantitative Comparison

We extend our evaluation by comparing several different
metrics for each method. First, we evaluate the depth im-
ages quantitatively by averaging the mean depth errors of
all images per scene (see Section 2.5.2). We only use the
depth values where ground truth and reconstruction overlap
(i.e. there are valid depth values to compare). This excludes
small regions in the images in which only one geometry,
either the ground truth or the reconstructed one, is present.
We summerize the results in Table 2 and observe that our
approach beats ¢-SfT [4] and PG-SfT [10] in all scenes by
up to 4.63x and 2.96x respectively. Both baseline meth-
ods have similar performance with mean depth errors of
1.67cm and 1.83 cm respectively. We are able to reduce
the average errors by a factor of 1.84 compared to ¢-SfT
and 2.01 compared to PG-SfT.

In addition to the Lo, Chamfer distance CD,, we also
report the L; Chamfer distance CD; in Table 3 (Sec-
tion 2.5.3). We use the same point cloud as for the Lo
Chamfer distance, that is created by sampling the same
number of points as the ground truth point cloud randomly
distributed on the reconstructed mesh. The linear weight for
each pair of points reduces the contribution of outliers and



Method | Rl R2 R3 R4

RS R6 R7 R8 R9 | Mean

@-SIT [4] 2,50 148 1.29 1.99
PG-SfT [10] | 1.60 1.13 2.03 2.08

Ours 0.54 0.71 0.76

227 171 166 113 1.01 | 1.67
2.00 237 154 200 1.70 | 1.83
164 131 0.81

1.28 063 0.51 | 091

Table 2. Average depth difference § for all methods [x 102 m].

Method | R R2 R3 R4

R5 R6 R7 R8 R9 | Mean

@-SIT [4] 221 263 234 3.56
PG-SfT[10] | 2.97 2.14 3.69 4.02

431 322 3.04 214 195 | 2.82
3.64 438 3.01 379 324 | 3.43

Ours 1.08 124 144 292 257 157 238 122 1.04 | 1.72

Table 3. Quantitative comparison using the L; Chamfer distance [x10™2 m].

focuses on the mean distance between the point clouds in-
stead. We observe that our approach yields the best result
in all scenes again. On average the L; Chamfer distance
improves by a factor of 1.64 compared to ¢-SfT and by a
factor of 1.99 compared to PG-S{T.

Lastly, we compare the L; and Lo p2s distance for all
methods (see Section 2.5.4 for the definitions). This metric
does not include any sampling but only considers the closest
point on a triangle instead of including the whole interior. In
8 out of 9 scenes our method achieves the best results often
beating the other approaches by a factor of more than 2.5 for
the L, distance and a factor of more than 4 for the Lo dis-
tance. Only in scene R5 PG-S{T performs best. This may
come from the uniform motion in this scene which does
not expose the weaknesses of their method. However, on
average our reconstruction outperform ¢-SfT [4] and PG-
ST [10] by factors of 3.29 and 2.53 for the L, p2s distance
and by factors of 3.94 and 3.43 for the Lo p2s distance.

3.3. Fixed Physical Parameters

We perform a second ablation study that concentrates on the
reconstruction quality and stability when the physical mate-
rial parameters Y, B, and S are not optimized but constant
at their initial values. On one hand, these stiffness param-
eters can not decrease such that the external forces are less
likely to become strong enough to crumple the cloth. On
the other hand, the optimization loses its ability to adapt to
different fabrics automatically. We evaluate the L, Chamfer
distances in this scenario with and without our regulariza-
tion terms and collect the results in Table 7. We observe
that fixing the physical parameters mainly prevents com-
plete failures without regularizations. Similar to the paper’s
ablation study, some scenes improve in quality due to the
variety in deformations but the full model still reaches the
best mean error.

3.4. Real-world Appearance Estimation

We complete the evaluation of the optical material estima-
tion by depicting our results for all real-world scenes in Fig-
ure 5a. As a comparison, Figure 5b shows the results when
using the imprecisely reconstructed geometry of PG-SfT
[10]. We emphasize notable differences between the esti-
mates with red rectangles within the diffuse texture in both
figures. Similar characteristics are visible in the roughness
and metallic textures. As described in the main paper, the
enhanced geometry reconstruction leads to visibly sharper
textures in most of the scenes. Especially fine structures like
the red striped ovals in scene R3 and the flower stamens in
scenes R4 and RS can not be resolved using the geometry
of PG-SfT. The largest difference is visible in the optical
material for scene R2. PG-SfT is not able to reconstruct the
deformation at all, causing the appearance optimization to
fake the appearance by making the fabric highly reflective.
The environment maps do not show any significant differ-
ences because the dominantly diffuse fabrics only make it
possible to recover low-frequency features which are very
insensitive to the geometry.

3.5. Synthetic Appearance Estimation

We report the results for the appearance estimation of the
synthesized scenes in Figure 6. For all five scenes, we de-
pict the target textures, the estimated textures employing the
ground truth motion, and the estimated textures using the
reconstructed geometry of our method. The precision of all
corresponding geometry reconstructions is given in Table 6.
All estimates suffer from the ambiguity that different distri-
butions of color and brightness between diffuse texture and
environment map may create the same appearance when ob-
serving only limited data, such as a single monocular view.
Hence, we mainly compare our results with the ideal case of
an estimate based on perfect geometry. The scenes SR2 and
SR3 pose a difficult problem to the geometry reconstruc-
tion due to their metallic material causing some specular



Method ‘ R1 R2 R3 R4 RS R6 R7 R8 R9 | Mean
@-SIT [4] 773 396 445 1244 2187 14.08 11.85 8.25 7.20 | 10.20
PG-SfT [10] | 246 5.70 4.94 7.61 4.52 20.12 4.05 1526 5.84 7.83
Ours 070 142 158 6.80 6.94 287 390 197 176 | 3.10

Table 4. L1 point-to-surface distance p2s, between the ground truth point cloud and the reconstructed mesh [x 102 m].

Method | Rl R2 R3 R4 R5 R6 R7 R8 R9 | Mean
¢-SIT [4] 2265 1521 971 2738 6283 3026 2378 10.81  8.85 | 23.50
PG-SfT[10] | 3.86 824 1121 17.51 20.59 7312  6.82 30.55 12.38 | 20.48
Ours 034 114 249 1432 2526 255 442 127 193 | 597

Table 5. Lo point-to-surface distance p2s, between the ground truth point cloud and the reconstructed mesh [x107° m?].

SR1
1.34

SR2 SR3 SR4 SR5
1.56 13.7 0.83 0.99

Scene

CDq

Table 6. 3D Reconstruction quality of the synthesized scenes
[x10™* m?].

highlights within the video sequence. As a consequence,
the geometry does not fit the target well enough for scene
SR3 (see Table 6), resulting in blurred textures at the bot-
tom. Nonetheless, despite little color variations, lots of fine
details in the optimized optical material are resolved for
scene SR2. The three non-metallic materials (SR1, SR4,
and SR5) show very similar results to the estimates that use
the ground truth geometry. Especially the two fabric ma-
terials in scenes R4 and R5 show sharp textures with very
little differences.
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Experiment R1 R2 R3 R4 RS R6 R7 R8 R9 | Mean

w/o phys. param. 1.64 4.18 231 15.28 732 524 315 212 133 | 4.73
w/o phys. param. & R 5.12 547 229 1456 6.83 545 329 289 1.18| 5.23
w/o phys. param. & Rg 477  1.56  4.02 9.79 25.65 3.3 4.73 1.72 154 | 6.37
w/o phys. param. & Rrp & Rg | 4.52 444 2.30 15.70 742 574 324 158 142 5.15
Full model 1.01 155 270 8.29 712 218 484 1.23 1.04 | 3.33

Table 7. L» Chamfer distances without optimization of physical material parameters compared to the full model [x10~* m?].
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(a) Estimation using the geometry of our 3D reconstruction. (b) Estimation using the geometry of PG-S{T [10].

Figure 5. Estimated appearance parameters of all real scenes. Major differences are highlighted with a red box. Please zoom in for details.
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Figure 6. Appearance parameters of all synthesized scenes. The
first row depicts the input material textures or the environment
map. The second and third row show the estimated appearance
maps when using the ground truth geometry or our reconstructed
geometry, respectively.



