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Fig. 1: Left: CLOTH3D3 is the first big scale dataset of animated clothed humans.
It contains thousands of different outfits and subjects, high variability of poses
and rich cloth dynamics. Right: generated 3D garments with proposed GCVAE.

Abstract. We present CLOTH3D, the first big scale synthetic dataset
of 3D clothed human sequences. CLOTH3D contains a large variabil-
ity on garment type, topology, shape, size, tightness and fabric. Clothes
are simulated on top of thousands of different pose sequences and body
shapes, generating realistic cloth dynamics. We provide the dataset with
a generative model for cloth generation. We propose a Conditional Vari-
ational Auto-Encoder (CVAE) based on graph convolutions (GCVAE)
to learn garment latent spaces. This allows for realistic generation of 3D
garments on top of SMPL model for any pose and shape.
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1 Introduction

The modelling, recovery and generation of 3D clothes will allow for enhanced
virtual try-ons experience, reducing designers and animators workload, or un-
derstanding of physics simulations through deep learning, just to mention a few.

3 http://chalearnlap.cvc.uab.es/dataset/38/description/
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Dataset 3DPW[18] BUFF[35] Untitled[29] 3DPeople[24] TailorNet[21] CLOTH3D

Resolution 2.5cm 0.4cm 1cm -1 1cm 1cm

Missing x X x x x x

Dynamics x X x x x X
Garments 182 10∼ 20 33 High4 20 11.3K

Fabrics x x x x x X
Poses5 Low Low Very low Low 1782 High

Subjects 182 6 2K 80 9 8.5K

Layered x x X -1 X X
#samples 51k 11K 24K 2.5M 55.8k 2.1M

Type Real Real Synth. Synth. Synth. Synth.

RGB X x X X x x

GT error 26mm 1.5-3mm None None None None

Table 1: CLOTH3D vs. available 3D cloth datasets. 1: 3D data includes depth,
normal and scene flow maps, but not 3D models. 2: 3DPW contains 18 clothed
models that can be shaped as SMPL. 3: garments of [29] are shaped to different
sizes. 4: Garment variability not specified, nonetheless, authors propose a gen-
eration pipeline that can modify template garments into many different sizes. 5:
poses are strongly related to number of frames, and in [29] most samples share
the same static pose.

However, current literature in the modelling, recovery and generation of clothes
is almost focused on 2D data [8, 13, 23, 27]. This is because of two factors. First,
deep learning approaches are data-hungry, and nowadays not enough 3D cloth
data is available (see Tab. 1). Second, garments present a huge variability in
terms of shape, sizes, topologies, fabrics, or textures, among others, increasing
the complexity of representative 3D garment generation.

One could define three main strategies in order to produce data of 3D dressed
humans: 3D scans, 3D-from-RGB, and synthetic generation. In the case of 3D
scans, they are costly, and at most they can produce a single mesh (human
+ garments). Alternatively, datasets that infer 3D geometry of clothes from
RGB images are inaccurate and cannot properly model cloth dynamics. Finally,
synthetic data is easy to generate and is ground truth error free. Synthetic
data has proved to be helpful to train deep learning models to be used in real
applications [20, 25, 28].

In this work, we present CLOTH3D, the first synthetic dataset composed
of thousands of sequences of humans dressed with high resolution 3D clothes,
see Fig.1. CLOTH3D is unique in terms of garment, shape, and pose variability,
including more than 2 million 3D samples. We developed a generation pipeline
that creates a unique outfit for each sequence in terms of garment type, topology,
shape, size, tightness and fabric. While other datasets contain just a few different
garments, ours has thousands of different ones. On Tab. 1 we summarize features
of existing datasets and CLOTH3D.
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Additionally, we provide a baseline model able to generate dressed human
models. Similar to [2, 17, 32] we encode garments as offsets connecting skin to
cloth, using SMPL[15] as human body model. This yields an homogeneous di-
mensionality on the data. As in [22], we use a segmentation mask to extract the
garment by removing body vertices. In our case, the mask is predicted by the
network. We propose a Conditional Variational Auto-Encoder (CVAE) based on
graph convolutions [6, 7, 17, 19, 31, 34] (GCVAE) to learn garment latent spaces.
This later allows for the generation of 3D garments on top of SMPL model for
any pose and shape (right on Fig.1).

2 Related Work

3D Garment Datasets. Current literature on 3D garment lacks on large pub-
lic available datasets. One strategy to capture 3D data is through 3D scans.
The BUFF dataset [35] provides high resolution 3D scans, but few number of
subjects, poses and garments. Furthermore, scanning techniques cannot provide
layered models (one mesh for the body and one for each garment) and often
one can find regions occluded at scanning time, meaning missing vertices or cor-
rupted shapes. The work of [22] proposed a methodology to segment scans to
obtain layered models. Authors of [33] combined 3D scans with cloth simula-
tion fitting at each frame to deal with missing vertices. Similarly, [5] provided a
dataset from 3D scans. However, the amount of samples is in the order of a few
hundreds. The 3DPW dataset [18] is not focused on garments, but rather on pose
and shape in-the-wild. The authors proposed a modified SMPL parameterized
model for each outfit (18 clothed models), which, as SMPL, can be shaped
and posed. Nevertheless, resolution is low and posing is through rigid rotations.
Therefore, cloth dynamics are not represented. The dataset of [29] is syntheti-
cally created through physics simulation, with three different garment types:
tshirt, skirt and kimono. They propose an automatic garment resizing based
on real patterns, but provide only static samples on few different poses. The
work of [21] also includes a synthetic dataset obtained through simulation of 20
combinations of different garment styles and body shapes into 1782 static poses.
Finally, 3DPeople dataset [24] is the most comparable to ours in terms of scale,
but has significant differences w.r.t. CLOTH3D. On one hand, this dataset has
been designed specifically for computer vision. Data are given as multi-view
images (RGB, depth, normal and scene flow), there are no 3D models. On the
other hand, the garments are rigged models, so there is no proper cloth dynam-
ics. And lastly, source pose data is sparse, 70 pose sequences with an average
length of 110 frames. Our CLOTH3D dataset aims to overcome previous datasets
issues. We automatically generate garments to obtain a huge variability on gar-
ment type, topology, shape, size, tightness and fabric. Afterwards, we simulate
clothes on top of thousands of different pose sequences and body shapes. Tab.1
shows a comparison of features for existing datasets and ours. In CLOTH3D we
focus on sample variability (garments, poses, shapes), containing realistic cloth
dynamics. 3DPW and 3DPeople sequences are based on rotations on rigged mod-
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els, datasets of [21, 29] contain static poses only, and BUFF has very few and
short sequences. Moreover, none other provides metadata about fabrics, which
has a strong influence on cloth behaviour. Similarly, the scarcity of these datasets
implies low variability on garments, poses and subjects. Finally, note how only
synthetic datasets provide with layered models and have no annotation error.

3D Garment Generation. Current works in 3D clothing focus on the gen-
eration of dressed humans. We split related work into non-deep and deep-learning
approaches. Regarding non-deep learning, the authors of [10] proposed a data-
driven model that learns deformations from template garment to garment fitted
to the human body, shaped and posed. They factorize deformations into shape-
dependant and pose-dependant by training on rest pose data first, and later on
posed bodies. Transformations are learnt per triangle, and thus it yields incon-
sistent meshes that need to be reconstructed. The data-driven model of [22] is
able to recover and retarget garments from 4D scan sequences relying on masks
to separate body and cloth. Authors propose an energy optimization process
to identify underlying body shape and garment geometry, later, cloth displace-
ments w.r.t. body are computed and applied to new body shapes. This means
information such as wrinkles is ”copied” to new bodies, which produces valid
samples but cannot properly generate its variability. Regarding deep learning
strategies, the work of [11] deals with body and garments as different point clouds
through different streams of a network, which are later fused. They also use skin-
cloth correspondences for computing local-features and losses through nearest
neighbour. The works of [2, 17, 21, 32] consider encoding clothes as offsets from
SMPL body model with different goals. In [17] authors propose a combination
of graph VAE and GAN to model SMPL offsets into clothing. Similarly, in [21],
authors propose encoding garments as SMPL offsets and topology as a subset of
SMPL vertices, later, they learn two models for low and high frequency details
which effectively generate realistic wrinkles on the garments. In [29, 32] a PCA
decomposition is used to reduce clothing space. In [3, 12], authors register gar-
ments to low resolution meshes (garment templates and SMPL respectively), to
later use UV normal maps to represent high-frequency cloth details (wrinkles).
Authors of [26] propose learning Pose Space Deformation models for template
garments by training deep models instead of SVD (as SMPL). The work of [30]
presents a template garment autoencoder where latent spaces are disentangled
into motion and static properties to realistically interpolate into 3D keyframes.
Similar to previous approaches, our proposed methodology also encodes clothes
as SMPL offsets. Nevertheless, the assumption that garments follow body topol-
ogy does not hold for skirts and dresses. In this sense, we propose a novel body
topology specific for those cases. Additionally, our model predicts garment mask
along offsets to generate layered models.

3 Dataset

CLOTH3D is the first big scale dataset of 3D clothed humans. The dataset is
composed of 3D sequences of animated human bodies wearing different garments.
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Fig. 2: Unique outfit generation pipeline. First, one upper-body and lower-body
garment template is selected. Then, garments are individually shaped, cut and
resized. Finally, garments might be combined into a single one.

Fig. 1 depicts a sequence (first row) and randomly sampled frames from different
sequences. Samples are layered, meaning each garment and body are represented
by different 3D meshes. Garments are automatically generated for each sequence
with randomized shape, tightness, topology and fabric, and resized to target
human shape. This process yields a unique outfit for each sequence. It contains
over 7000 non-overlapping sequences of 300 frames each at 30fps, yielding a
total of 2.1M samples. As seen in Tab. 1, garment and pose variability is scarce
in available datasets, and CLOTH3D aims to fill that gap. To ensure garment
type balance, given that females present higher garment variability, we balance
gender as 2:1 (female:male). Finally, for validation purposes, we split the data
in 80% sequences as training and 20% as test. Splitting by sequences ensures no
garment, shape or pose is repeated in training and test.

The data generation pipeline starts with sequences of human bodies in 3D.
Human pose data source is [1], later transformed to volumetric bodies through
SMPL [15]. These sequences might present body self-collisions which will hinder
cloth simulation, not only on affected regions, but also in global garment dynam-
ics. We automatically solve collisions or reject these samples. Human generation
process is described in subsec. 3.1. Later, we generate unique outfits for each
sequence. We start from a few template meshes which are randomly shaped,
cut and resized to generate a unique pair of garments for each sample, with
the possibility to be combined into a single full-body garment. Fig. 2 shows the
generation process, which is also detailed in subsec. 3.2. Finally, once human
sequence and outfit are done, we use a physics based simulation to obtain the
garment 3D sequences. Simulation details are described in subsec. 3.3.

3.1 Human 3D Sequences

SMPL. It is a parametric human body model which takes as input shape
� 2 R10 and pose � 2 R24×3 to generate the corresponding mesh with 6890




