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1 Data Generation

MoCap Data. To pose the body we use 1, 515 MoCap sequences from the CMU
dataset [1], 62 from HumanEva [14], 41 from the PosePrior dataset [3] and 157
unpublished sequences recorded with our own motion capture system. To reduce
the similarity of poses we subsample every 10th frame, resulting in 12 fps for
most of the datasets. We end up with 253, 762 individual poses.

Hand Poses. Without variations of hand poses, a keypoint detector trained
on the synthetic data might not generalize to other hand poses. To avoid this,
we use SMPL+H [13] and pose the hands and fingers. However, conventional
MoCap systems do not record the pose of fingers [1, 3, 14]. To obtain realistic
poses for hands and fingers we use the “embodied hands” dataset [13].

Shape. Besides body pose, humans differ in their body shape. To express
these differences in our synthetic datasets we extract shape parameters β from
standard MoCap datasets using MoSh [9].

Textures. Textures have a large influence on the perceived realism of syn-
thetic data. For the synthetic humans we use the textures published with the
SURREAL dataset [18]. The dataset provides 772 textures of people in casual
clothing and 157 in minimal clothing. The former were collected by the authors
of [18]. The latter were acquired from the CAESAR dataset [11]. We use 80%
of these textures and keep the remaining 20% for validation and test data, even
though we do not use any synthetic validation or test data for this particular
work. The reason for this decision is to keep the data splits for training, test and
validation consistent across projects.

Noise and Lighting. Real images are subject to multiple sources of noise,
for example motion blur or defocus. Furthermore, they are taken under varying
lighting conditions. We model noise with Gaussian blur. We blur x and y di-
rection independently with a probability of 0.5, each. The size of the Gaussian
kernel in pixels is given by the absolute value sampled from a standard nor-
mal distribution. We vary lighting conditions similarly as [18, 10] using spherical
harmonics [6] with randomly drawn coefficients.

Sampling Motions. Sampling MoCap sequences randomly does not guar-
antee that every MoCap sequence is used. To ensure that, we select the sequence
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for the first synthetic human deterministically. MoCap sequences for all other
synthetic humans are sampled randomly. The probability of sampling a MoCap

sequence Sj is given by pj =
jSj j∑|S|

i=1 jSij
. Here jSij denotes the number of frames of

sequence i and jSj the number of sequences. Since the chosen sequences might
have different length, we further randomly sample for each one the frame ID for
the starting frame, to encourage the use of the whole sequences.

Changing Rendering Parameters. To increase variance in the dataset
multiple parameters are changed. For each MoCap sequence we change the cam-
era position, number of humans and the global rotation of each synthetic human.
In contrast, background image and lighting as well as position, pose, shape and
texture of synthetic humans are changed for each frame.

Scene Generation. After sampling all these parameters, each virtual hu-
man is placed on an invisible ground plane in the field of view of the camera.
Maximal distance to the camera are 12 m.

Collision Detection. The meshes of synthetic humans in the 3D scene
might intersect, resulting in physically impossible configurations. A quick and
easy way of detecting collisions are axis aligned bounding boxes. However, their
usage results in a large number of false positives and limits the distances between
virtual humans. For multi-person pose estimation, however, small distances be-
tween humans are frequent and should be represented in the training data. We
draw inspiration from [17] and use bounding volume hierarchies (BVH) [16] in-
stead. This is an efficient method to check for collisions on triangle level. Thus,
it allows for smallest possible distances between the meshes.

Whenever two synthetic humans collide, we search for a new, valid position
for one of them before rendering the image. Frames with mesh self-collisions are
not rejected, as they are very frequent for highly articulated poses, which might
be important for a pose-estimation dataset.

2 Datasets

Tab. A.1 shows a comparison of our datasets to related other datasets. JTA and
SURREAL are much larger, however SURREAL only considers a single person
in indoor environments and JTA only urban scenes in surveillance scenarios. Our
datasets have a much higher variety in terms of scenes.

Example images for DS can be seen in Fig. A.1

2.1 DM and DStyle - Qualitative Results

Fig. A.2 and A.3 show example images of DM and the corresponding images
from DStyle. In particular Fig. A.2 (A) shows that the style transfer method
generates realistic variations of textures and changes their color. In Fig. A.2 (B,
C) and Fig. A.3 (A, B, C) it can be seen that the method adapts the lighting of
textures to fit better into the scene. It greatly improves blending-in of synthetic
humans. Fig A.2 (D) and Fig A.3 (D) show failure cases. Here, larger parts of
the background were included in the human mask of mask-RCNN [7, 2]. As a
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Fig. A.1. Example images from DS . The dataset contains images with interesting
poses, challenging backgrounds, variance in camera position and heavy occlusion.


