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CLOTHA4D: A Dataset for Clothed Human Reconstruction
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Figure A. Visual Comparisons of Clothed Human Reconstruction Datasets. (a) RenderPeople [1], (b) CAPE [16], and (¢c) THuman2.0 [27]
are scanned datasets, and the rest are synthetic ones. (d) TailorNet [19], (e) ReSynth [17], and (f) cloth3d [4] are not photorealistic, owing to
their mannequin-liked human avatars. (g) 3DPeople [23], (h) Cloth3d++ [18], and (i) CLOTHA4D are more photorealistic. Our CLOTH4D

presents the highest photorealism.

1. Visual Comparisons of Datasets

This section mainly serves as the supplementary of Sec-
tion 2 in the main paper, which visually shows the differ-
ence between CLOTH4D and previous clothe human recon-
struction datasets. As shown in Figure A, the samples in the
Ist row belong to the scanned data. The rest belong to the
synthetic data. The samples in the 2nd row are noted as
‘not photorealistic’ in the main paper because their avatars
are not human-like. On the contrary, the 3rd row exhibits

photorealistic synthetic data. We can see that CLOTH4D is
more realistic and has more diverse and elaborate clothing
than 3DPeople [23] and cloth3d++ [18]. 3DPeople scans
are not publicly available, and clothes in cloth3d++ are cre-
ated using pre-defined garment templates, which are inher-
ently not complicated enough to cover the rich diversity of
real-life clothing.

On the contrary, the clothes in CLOTH4D are manually
made by fashion designers in professional virtual fashion
software. A large part of apparel is referred from the newest
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Figure B. To demonstrate the difficulties of reconstructing multi-layer thin structures with occupancy field (the queried occupancy field has
aresolution of 512 x 512 x 512 if not otherwise specified), we show (a) the original non-watertight multi-layer mesh; (b) the marching cubes
(MC) [15] results of the original mesh; (c) the watertight mesh converted using [10]; (d) the marching cubes results of the watertight mesh

(c); (e) the marching cubes results of the smoothed watertight mesh in (c); (f) the reconstruction results of ICON

gt .
clo’

and (g) reconstruction

by the state-of-the-art implicit representation 3PSDF [6] given the ground truth mesh.

collections of various fashion houses, including Prada,
Moschino, Alexander McQueen, Givenchy, JACQUEMUS,
Mugler, Salvatore Ferragamo, Dion Lee, etc. We find that
the instances in CLOTH4D are of the highest quality and
photorealism compared with other synthetic datasets.

2. Mesh Representation.

This section is mainly to serve as the supplementary of
Section 4.4 in the main paper, which aims to demonstrate
the difficulties of mesh reconstruction by predicting an oc-
cupancy field for a multi-layer thin structure. As shown in
Figure B, we encounter the following challenges:

1) Watertight assumption. The original mesh gener-
ated by CLO is not watertight (Figure B(a)), thus prevent-
ing us from defining an occupancy field in the 3D space.
One may cast a ray from a 3D querying point and calculate
the number of intersections between the ray and the mesh,
then uses the parity of the number of intersections to define
the inside/outside of the point w.r.t. the mesh. Finally, the
marching cubes algorithm can be applied to reconstruct the
mesh surface. However, Figure B(b) shows that such ap-
proximation generates meshes with noticeable artifacts near
open surfaces like heads and shoes.

2) Predicting occupancy field for multi-layer thin
structures. To leverage the occupancy field for surface
reconstruction, we convert the original meshes to water-
tight (Figure B(c)) using ManifoldPlus [10]. And the cor-
responding reconstructed meshes with ground truth 512 X
512 x 512 queried occupancy field is shown in Figure B(d).

We note that even with the ground truth occupancy, the
reconstructed meshes lose high-frequency details and thin
structures due to the limited resolution of the occupancy
field, indicating it still remains challenging for the field-to-
mesh conversion given uniformly sampled discrete query-
ing points in the 3D space.

Moreover, during inference, the occupancy field is pre-
dicted by a network instead of using the ground truth. It
is known that a deep model tends to give smooth predic-
tions (e.g., contiguous prediction near the mesh surface).
We mimic this behavior by smoothing the ground truth
occupancy field with the default setting suggested in [3]
(smoothing is also a common pre-processing to avoid the
marching cubes results being jagged [3]) and illustrate the
reconstruction in Figure B(e). These results present holes
and missing clothing pieces similar to the prediction by
ICONi’ltO (Figure B(f)). This implies that the current state-
of-the-art occupancy-based implicit functions [24, 25, 30]
suffer from preserving complicated clothing structures.

3) SOTA surface reconstruction method. To further
investigate the challenges brought by our dataset, we recon-
struct the mesh surfaces using the SOTA implicit represen-
tation 3PSDF [6] given the ground truth 3PSDF values, and
the results are shown in Figure B(g). Although targeting to
tackle non-watertight arbitrary topologies and complex ge-
ometries, 3PSDF is still not robust for the multi-layer thin
structures in CLOTH4D, introducing holes, face intersec-
tions, and uneven surfaces. Additionally, the training data
generation process of 3PSDF [0] is time-consuming for the
meshes containing fine details in our dataset. It takes around



Figure C. Cases that will result in simulation artifacts. The anima-
tions of these three sequences are Arms Akimbo, Turn Left, and
Walk.

50min to generate the training label (i.e., 3PSDF representa-
tion) for a mesh on a single CPU core, making it impractical
to scale on a large dataset like CLOTH4D.

3. Failure Cases of Cloth Simulation

This section is mainly to serve as the supplementary to
Section 4.5 in the main paper, which aims to elaborate on
the limitations of CLOTH4D due to failures of clothing sim-
ulation.

As shown in Figure C, it can be seen that three types of
conditions will result in failure clothing simulation: 1) Soft
fabric is more prone to unstable simulation. As shown in the
st row, the light tulle dress looks slightly unnatural at the
bottom. 2) Physical contact may bring abnormal adhesion
between skin and clothes. It usually occurs when the limbs
are close to the clothes or touch them and then move away,
as the 2nd row shows in Figure C. 3) Multi-layers cause
difficulties in clothing simulation. This has minor effects
compared with the previous two since we could delete the
inner layers for simulation in most situations. Inherently,
the reason for these failure cases is related to the algorithm
of cloth simulation. In other words, the quality of synthetic
data will highly rely on the performance of the simulation
algorithm.

In addition, the inaccurate rigging of Maximo will result
in unnatural simulations to a certain extent.

4. Detailed Temporal Metrics

The Chamfer,q4; and Chamfery;, are defined as follows:

1 T T
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where MP" and M?" denote the predicted and ground truth
mesh at time step ¢, respectively. dep(Mi, Ms) is the
Chamfer distance between two meshes that is formulated
as:

dep (M, Ms) =
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The P2S44; and P2Sg;4 are of a similar form by replac-
ing Chamfer distance with point-to-surface distance. For
a more comprehensive analysis and discussions on how ddt
and dtd correlate with human perception, please refer to [7].

5. Fitting SMPL Model to Body Mesh

A merit of our dataset is that it provides under-clothing
body mesh as shown in Figure D, making it simpler and
more accurate to register a SMPL [14] body model to the
body mesh. We follow a similar registration pipeline as
[20]. More specifically, given a naked body scan S, we fit
a parametric SMPL body model M(f, ), where (8 and 6
represent the body and body parameters, respectively, such
that S and M are as close as possible.

We first render the textured mesh M into multi-view im-
ages and use OpenPose [5] to extract 2D keypoints. Then,
we initialize the SMPL parameters by running a multi-view
SMPLIify approach [2, 21], which can roughly align the
joints of the human body mesh and the SMPL mesh. To ob-
tain a refined registration, we minimize the following loss
function:

E(B1,B2...,Br,01,0,...
T

§ (AjointEjoint,t + )\shapeEshape,t
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where we jointly optimize the shape and pose parame-
ters 81,082 ..., 071,601,0s, ..., 07 for the whole motion se-
quence of length T'. Ej,ine,¢ is the 2D joint reprojection
loss minimizing the distance of OpenPose 2D keypoints and
SMPL projected keypoints. As a motion sequence is of the
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Figure D. Pipeline of registering an SMPL to the avatar body mesh.

Table 1. Quantitative evaluation on CLOTH4Dgy,;.

Method PIFu PIFuy, PaMIR  PaMIR., ICON  ICONj,
Normals | 0.137 0.104 0.173 0.186 0.149 0.147
P2S | 3.037 2.167 3.499 3.800 3.334 2.734

Chamfer | 3.015 1.795 3.524 3.416 3.116 2.637

same person, we use Ejqp¢,¢ to constrain the body shape
consistency across time. FEcpamfer,t is the Chamfer dis-
tance (Eq. (3)) between the fited SMPL mesh M(f;, 6;)
and human mesh S;, which enforces the fitted mesh ensem-
ble the original human mesh. FE,.,; regularizes the body
parameters [3; and 6, as in [21]. A, balance different loss
terms and are empirically set to make each energy term have
the value of a similar scale.

As SMPL mesh can only capture a minimal-clothing
body, while the existing scan datasets usually contain
clothed people. They have to leverage more off-the-shelf
body information (e.g., human parsing), complicated fit-
ting terms (e.g., clothing terms, skin terms), and hyper-
parameter tuning to reach satisfactory results [20, 28]. In
contrast, CLOTH4D obtains more accurate SMPL fits in a
simple and effective way by minimizing the Chamfer dis-
tance. We also notice that the scan fitting is pretty robust to
the initialized SMPL parameters, thus in practice, the ini-
tialization could also be done by running multi-view SM-
PLify on clothed human images or with a monocular human
mesh recovery method like [12,29].

6. More Results

Results on Tight Clothes As most SOTAs are designed for
datasets with tight clothes, to show how the results vary
for different clothing tightness, we made quantitative com-
parisons on a subset of CLOTH4D with tighter (similar to
the scanned dataset) yet still high-quality clothes, i.e., re-
moving the challenging clothes. The results evaluated on
CLOTH4D;;g1,, (~15% of the original test set) are reported
in Table 1. The conclusions in Section 4.3 and Section 4.4
of the main paper still hold.

Results of Multi-layer Algorithms We further compare

SOTA methods trained on CLOTH4D with other multi-
layer methods like BCNet [11]. The results are shown in
Figure E(a). These template-based methods avoid gener-
ating broken results but fail to model unseen clothing cat-
egories (e.g., shoes, dresses) and details, leading to large
reconstruction errors.

Results on Multi-layer Test Sets In addition to evaluating
on scan dataset CAPE in the main paper, Figure E(b) shows
some qualitative results on a multi-layer synthetic dataset.
It reflects the same conclusions although Cloth3D++ only
contains simple clothes and unrealistic images. Training on
CLOTH4D achieves better results on Cloth3D++ (Chamfer
of PIFu vs. PIFu,, is 4.238 vs. 3.310).

7. Real-world Usefulness

As illustrated in the experiments, the re-trained SOTA
methods have weak generalization ability to real-world im-
ages, enlarging the possibility of generating broken cloth-
ing. After the reality check, we attribute the worse results
of the in-the-wild images with loose clothing to 1) SOTA
methods using implicit functions tend to generate broken
results (even on the CLOTHA4D test set as in Figure 5 and
Figure B) when trained on data with thin layers; 2) When
only trained on CLOTH4D, these methods overfit and am-
plify these artifacts even if the domain gap is small. Thus,
we expect future research to explore the full potential of
CLOTH4D following the suggestions in the paper.

Our paper, as a reality check to SOTA, concludes that
more effective solutions are required to capture multi-layer
structures for real-world application potential. As a dataset,
CLOTH4D itself 1) provides layering concepts for learning
multi-layer structures; 2) implies various fashion attributes,
making the reconstruction aware of design details; and 3)
contains better dynamic and geometric information for gen-
erating more accurate results, especially for the side view.
Consistent conclusions were made on all tested sets, i.e.,
CAPE, Cloth3D++ (Figure E (b)), and in-the-wild images
(Figure E (c)).
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(b) Temporal qualltatlve results on Cloth3D++. Trammg on CLOTHA4D results in higher temporal consistency
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(c) Qualitative results on In-the-wild Images. Training on CLOTH4D reconstructs better body shapes, espemally for side views

Figure E. More qualitative comparisons. We show input images and the reconstructed front/side/back views.

8. Enriching Other Tasks

As mentioned in Section 3 in the main paper, CLOTH4D
contains high-quality paired data across multiple modal-
ities. We believe that in addition to clothed human re-
construction, CLOTH4D could facilitate a wider range of
computer vision and graphics tasks, e.g., clothing capture
22,26], human pose transfer [8, | 3], video 2D/3D pose es-
timation [12], fashion attribute classification [31], virtual
try-on [9], and other fashion related tasks [32,33].

9. Video Reference

As mentioned in the main paper, we provide two types
of videos for a more intuitive demonstration.
Video A (Section 3 in the main paper) shows the creation
process of a 3D clothing item, ‘Polyfaille Exploded Corset
Dress in Bobby Pink’ (the reference is borrowed from
Alexander Macqueen'. To show the advance of CLOTH4D,
we further put more examples in Figure F. It can be seen that
the clothes contained in the CLOTH4D are rich in textures,
fabrics, silhouettes, prints, and types.
Video B (Section 4.3 in the main paper) consists of seven
separate sequences exhibiting the qualitative results of all
reported models in the main paper. The observations and

Thttps://www.alexandermcqueen.com/en-us/ready-to-wear/polyfaille-
exploded-corset-dress-699946QEACMS5084.html

conclusions are consistent with that described in the main
paper.
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