4D-DRESS: A 4D Dataset of
Real-World Human Clothing With Semantic Annotations
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Figure 1. Example of 24 rendered views. We render 24 views to
ensure the visibility of each scan vertex and consider the compu-
tational cost of human parsing.

1. Implementation Details
1.1. Multi-view Parsing

Multi-view rendering. For each frame & €
{1,..., Nframe}, we render twelve horizontal, six up-
per, and six lower images I;ng i that are uniformly
distributed on a sphere by rasterizing the textured scan
with Pytorch3D [13], where n € {1,..., Nyjew = 24}.
Each scan is centralized according to its bounding box
center and then placed at the camera sphere center. The
rendered images have a resolution of 512 x 512. Examples
of 24-view rendered images are shown in Fig. 1.

4D-DRESS Graphonomy (LIP)

(-1) other background

(0) skin tor’so-skin, face, glove.
left-arm, right-arm, left-leg, right-leg

(1) hair hat, hair, sunglasses

(2) shoe socks, left-shoe, right-shoe

(3) upper upper-clothing, dress, scarf

(4) lower pant, skirt

(5) outer coat

Table 1. Label mapping between 4D-DRESS and LIP dataset.
We define 6 label categories based on LIP dataset.

Human image parser (PAR). We apply the pre-trained
Graphonomy [7] to each rendered image I, g, .1 and save
the label results as a new image Ip,,n, k. Concretely, we
manually classify the 20 classes of Graphonomy labels into
6 classes that are used in our dataset: skin (0), hair(1),
shoes(2), upper(3), lower(4), and outer(5) clothes. The cor-
responding labels between Graphonomy (LIP) and ours are
shown in Tab. 1. Specifically, we map the background la-
bel from Graphonomy to our setting with a label value -1,
and the color code of white. These background labels will
return 0 in the vote function fpq . (p, ).

Optical flow transfer (OPT). To establish connections
with previous frames, we project previous frame vertex la-
bels to multi-view labels Ijup . 1—1 using the same ren-
dering cameras and rasterizer from Pytorch3D. Then, we
warp these previous multi-view labels to the current frame
Iopt,m,i using the optical flow vectors predicted by the
RAFT [16] model. The vertex labels at the first frame do not
involve this process thanks to our first-frame initialization
(see Sec. 1.3). Concretely, each pixel label with location
p within Ij,yp , x—1 Will be warped to a new pixel location
p + v at the current frame, through the optical flow vector
v = RAFT (Limg.n k-1, Limgmn.k, D). The new labels at the
current frame are determined by voting. If there is no cor-
responding label found in the previous frame, the new label
will be set to -1.

Segmentation masks and scores (SAM). We use Seg-
ment Anything Model [9] to segment each rendered im-
age limg,n into a group of masks M, ,, without any ex-
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Figure 2. Example of SAM predictions. The input image is the first view (upper-left) of Fig. 1. We filter out the segmentation masks that
contain background, full body, and only small regions (marked as red).
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Figure 3. Example of manual rectification. An annotator selects
aregion in the rendered images and gives a correct label. The label
is projected to 3D and used for correcting the 3D vertices through
a second round of graph cut optimization.

tra prompts, where m € {1, ..., My,qsk,n }- Then we com-
pute the score function S(I, M,, ) within each mask for
each label by fusing the votes from the image parser and
optical flow, normalized by the area of the mask. Fig. 2
depicts the predicted segmentation masks from a rendered
image. A pixel p within the rendered image I;,, 4, ,, may be-
long to multiple segmentation masks. In this case, the SAM
vote function fsqm n(p,!) is calculated by summing all the
scores of masks that contain this pixel.

1.2. Graph Cut Optimization

The energy Eq. (5) in the main paper is optimized through
the graph cut algorithm (alpha-expansion). The vertex-wise
unary energy is normalized among all labels and then added
to the edge-wise binary energy. The weights are empirically
setas A\, = 0.5, A, = 0.5, A\ppo = 1.5, Ag = 1,and s = 1.

1.3. Manual Rectification Process

Manual rectification on segmentation masks. In our
dataset, each scan mesh has around 80k vertices. Manu-
ally annotating their vertex labels on the 3D scans is very
expensive and time-consuming. Thus, we introduce a man-
ual rectification process within the 2D image space. Af-
ter the first graph cut optimization, we render vertex labels
to multi-view images, from which we let an annotator cor-
rect labels with the segmentation masks and a painting tool.
More specifically, the annotator is asked to identify an in-
correctly labeled region by checking the multi-view images
and labels. Once an incorrect labeling is found, the annota-
tor will look for its corresponding segmentation masks for
label correction. If such a mask does not exist, the anno-
tator will manually paint the region using a painting tool.
Finally, the images with rectified labels are projected to
3D vertices and are formulated as the manual vote func-
tion fian,n(p,1). The energy Eyuqn ., term will be added
to the second round of graph cut optimization, with a large
weight W, = 10. We note that for each 150-frame 4D
sequence, the rectification process takes about 30 minutes
on a desktop with an RTX 2080Ti GPU whereas the human
parsing and the graph cut optimization take two and one
hour, respectively. An example of our rectification process
is shown in Fig. 3.

First-frame initialization of vertex labels. To ensure a
good label initialization, the motion sequences always start
from the A pose, which is easier for human parsing and
pose registration. We obtain the first-frame vertex labels
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Figure 4. Ablation study and baseline comparison on the BEDLAM dataset. We conducted ablative experiments on the synthetic

BEDLAM dataset where ground-truth semantic labels are available.

using the edge-wise binary energy and the multi-view unary
energy calculated only from the image parser (E,,,) and
manual rectifications (F,,,4n).

2. Additional Parsing Experiments
2.1. 4D Parsing on Synthetic Datasets

We conducted controlled 4D parsing experiments on two
synthetic datasets, CLOTH4D [17] and BEDLAM [3],
where the cloth meshes are simulated from cloth templates
on top of the parameterized body models. Since within
these synthetic datasets, some inner body and cloth vertices
are always invisible from the outside, we report our label-
ing accuracy only on the vertices that are visible from our
24 views of rendered images.

Baseline comparison. We first compare our 4D human
parsing method with a template-based baseline method [12]
that utilizes a semantic SMPL+D template to first track the
clothed human shape, and then project the template labels
to neighboring scan vertices. Since ClothCap [12] didn’t
release their 4D parsing code, we implemented their pars-
ing method following their descriptions. We first register
the SMPL+D model to all frames. Then we initialize the
first frame template label using the nearby scan vertex la-
bels obtained through our first-frame initialization process.
At each frame, we update the template labels using the
body prior, previous frame prior, and the Gaussian Mixture

Model trained from the vertex colors of each labeled cate-
gory. Finally, the scan vertex labels are assigned from the
nearest template label. The quantitative parsing results from
this baseline method are shown in the main paper. Here, we
show more qualitative results in Fig. 4.

The main issue of this template-based baseline method
is fitting the SMPL+D template to loose human outfits. The
spatial mismatch between template and loose garments gen-
erates incorrect labels, especially in the open area of the
jackets. Besides this, precisely updating the template labels
using the Gaussian mixture model of labeled vertex colors
is also difficult, especially in front of garments that have
similar colors. The limited template resolution also results
in noisy boundary labels at the higher-resolution clothed
human meshes. The parsing accuracy from this baseline
method is below 90% for all synthetic outfits.

Ablation studies. We then compare our 4D human pars-
ing method (without manual rectifications) with several
ablations of the multi-view parsing inputs (PAR Only,
PAR+OPT, PAR+OPT+SAM), as shown in Fig. 4. Similar
to Fig. 3 in the main paper, we observed similar qualitative
results on the synthetic datasets.

2.2. 4D Parsing on Other Datasets

Our 4D human parsing method takes the input as scan mesh
sequences and multi-view videos and thus can be applied to
the existing real-world 4D human datasets, such as BUFF,
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