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Abstract

Inferring 3D human motion from video remains a challenging problem with many
applications. While traditional methods estimate the human in image coordinates,
many applications require human motion to be estimated in world coordinates.
This is particularly challenging when there is both human and camera motion.
Progress on this topic has been limited by the lack of rich video data with ground
truth human and camera movement. We address this with BEDLAM?2.0, a new
dataset that goes beyond the popular BEDLAM dataset in important ways. In
addition to introducing more diverse and realistic cameras and camera motions,
BEDLAM2.0 increases diversity and realism of body shape, motions, clothing,
hair, and 3D environments. Additionally, it adds shoes, which were missing in
BEDLAM. BEDLAM has become a key resource for training 3D human pose
and motion regressors today and we show that BEDLAM?2.0 is significantly better,
particularly for training methods that estimate humans in world coordinates. We
compare state-of-the art methods trained on BEDLAM and BEDLAM?2.0, and find
that BEDLAM?2.0 significantly improves accuracy over BEDLAM. For research
purposes, we provide the rendered videos, ground truth body parameters, and
camera motions. We also provide the 3D assets to which we have rights and links
to those from third parties.

1 Introduction

The BEDLAM dataset [6] was the first synthetic dataset of 3D human motion of sufficient realism
and complexity that synthetic data alone could be used to train a state-of-the-art (SOTA) method
for estimating 3D human shape and pose (HPS) from images. Since its introduction, BEDLAM has
become a standard dataset for supervised training of HPS regression methods. Despite this success,
BEDLAM has several key limitations that hold back the field. Key among these is that BEDLAM
uses limited camera focal lengths and camera motions. Here we address these limitations and provide
a significantly richer dataset appropriate for end-to-end training of HPS methods that estimate humans
in world coordinates. Beyond richer camera motions, the BEDLAM?2.0 dataset addresses several
other important limitations that improve its diversity and realism.

Beyond the camera motions, BEDLAM?2.0 goes beyond B1 in the following ways:
* We significantly expand the range of body shapes with more high-BMI bodies.

* We provide more varied and realistic 3D hair that is adapted to individual head shapes.

* We add widely varied shoes, which are completely missing in BEDLAM. This includes
defining the sole thickness, making foot-ground contact more realistic.

* We include more 3D clothing outfits and grade many outfits into standard sizes. In compari-
son to B1, this lets us dress diverse body shapes in realistic clothing.
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» B2 also includes more 3D scenes, more complex human motions, and longer motions,
increasing the diversity of the dataset.

The most signi cant upgrade involves the cameras. Speci cally, we de ne cameras that cover the
range of focal lengths seen in real images and videos, including dynamically changing focal lengths.
We also de ne several types of camera motions: panning, zooming, orbiting, tracking, etc. and add
realistic motion noise to these. This is similar to prior wa2i,|56, 58]. We go further, however, to
capture real camera motions using hand-held phone and tablet devices as well as an Apple Vision Pro
headset for ego-centric camera motion captures. For these captures, we place 3D humans in a 3D
scene and users move around the scene to view the virtual subject(s). This induces natural movements
with realistic camera shake from both hand-held and ego-centric views. The resulting dataset contains
over 27K image sequences with over 8M frames, over 4K diverse body shapes, resulting in 13.3M
bounding boxes.

To evaluate the dataset, we train several SOTA HPS regressors using BEDLAM (B1) and BEDLAMZ2.0
(B2) and evaluate their accuracy. Using B2 results in a signi cant improvement in accuracy compared
with B1 across all standard metrics and the combination of B1 and B2 leads to SOTA performance on
human pose estimation in world coordinates.

Similar to BEDLAM, the released dataset includes the videos, ground truth body parameters in
SMPL-X format {Q], camera motions and focal lengths, clothing assets, 3D hair assets, and depth
maps. For assets that we cannot distribute, we provide links to the sources. As with BEDLAM, the

assets will enable others to render their own versions of the dataset for speci ¢ tasks like egocentric
vision. We also provide separate training and testing splits. BEDLAMZ2.0 is available for research

purposes.

2 Related Work

Prior to BEDLAM, numerous synthetic datasets were proposed for training human pose and shape
(HPS) regressor®[[[9, 12, 15,123,124, 130,132,136, 39, 41, 53]; see [p] for a review. Due to limited
realism and/or diversity, none of these are able to replace training data extracted from real images.
These methods also focus on human pose and not camera motion. While BEDLAM includes a few
sequences with moving cameras, the diversity of camera motions and focal lengths is limited and
most of the sequences have static cameras.

While early work on HPS estimation focuses on estimating the 3D human pose in camera coordinates,
many methods require bodies in world coordinates. Recent methods focus on this p@n@8&i45-
47,159,(60, 64] but are limited by the lack of training data with ground truth camera motions and 3D
humans together. BEDLAM2.0 is designed to support this direction so, here, we focus on synthetic
datasets published since BEDLAM that include varied cameras and camera motions.

Contemporaneous with BEDLAM, SynBod@]] is a synthetic dataset in which each sequence

is rendered from 8 static views. While similar to BEDLAM, it is less effective for training HPS
regressorsd]. Microsoft's SynthBody datase?] uses SMPL-H43] with a different head compared

to SMPL-X and provides only static poses. They demonstrate how it can be used to detect dense
2D keypoints and they use these to t a 3D body using optimization. They do not use the dataset to
train a 3D regressor or show results on standard benchmarks. ST285takes a different approach,

using generative Al to take a 3D body and produce realistic images matching the body pose but with
varied visual attributes such as BMI and clothing. They do not use this for training a regressor but,
rather, use this to generate benchmarks for evaluation.

PDHuman 58] and BEDLAM-CC [56] tackle the problem of varied focal lengths, which correlate
with the depth of the person from the camera; e.g. long focal lengths are used for people far away
and short ones for people close to the camera. They generate synthetic training images with widely
varied views and focal lengths and show that training on such data improves robustness to real-world
cameras. They do not, however, address camera motion.

Recent methods have introduced richer camera motions than those in BEDLAM. For example,
EgoGen 28] builds on the BEDLAM assets and re-purposes them for tasks in egocentric vision. They
provide a generative process of an agent's motion in a 3D scene. This enables automated collection of
video sequences from an egocentric viewpoint. The HumanVid da&Hetl§o leverages BEDLAM

and adds camera motions using simple rules. They sample multiple random camera locations in



Figure 1: Camera intrinsics. (left) Log frequency of focal lengths. Red: BEDLAM; Blue BED-
LAMZ2.0. (right) Histogram of the horizontal eld of view (HFOV).

Figure 2: Camera motion statistics. (top) Log histogram of camera height above the ground
(50-1200cm). (bottom left) Video duration (seconds). (bottom middle) Histogram of pitch. (bottom
right) Log histogram of roll. (right) Distribution of different types of camera motion (see text).

space at speci ¢ keyframes and point the camera at the subject's face. They then smoothly connect
the cameras to create the camera motions. WHAC-A-Métgrenders dancing sequences, with
pairs of dancers, with varied camera motions including Arc, Pan, Push, Pull, and Tracking shots
plus combinations of these. Unfortunately, the synthetic data lacks realism. PATCEfders

3D characters in scenes with a moving camera but the amount and diversity of the data is limited.
Consequently, they use it only for evaluation of human and camera motion estimates.

3 Dataset: Methods

Here, we describe the key improvements of BEDLAMZ2.0 that increase its diversity and realism as
compared with BEDLAM.

3.1 Cameras

The recent focus of the eld is on human pose and shape estimation in scenes with moving cameras.
There is limited training data for such scenarios, which makes it hard to train models end-to-end on
this task. BEDLAMZ2.0 addresses this by signi cantly increasing the complexity and realism of the
cameras and their motions.

Focal lengths. BEDLAM intrinsics primarily cover a small Horizontal Field Of View (HFOV) range

of 52 or 65 and are mostly xed during a shot. Temporal variation of camera extrinsics is very
limited since most sequences use a static camera. We address this in BEDLAMZ2.0 with a much
broader focal length coverage. Figure 1 shows the distribution of HFOVs. Speci cally, we cover
focal lengths from 14mm up to 400mm on a 16:9 DSLR sensor (36 x 20.25mm) that is designed
to mimic real-world focal lengths. This is much more diverse than the statistics of Flickr images
reported in [38]; see Appendix Fig. 11 for details and a comparison with [38].

Nine percent of all generated videos have varying focal length during the shot by zooming in or
out. This is important for realism as it mimics many real-world videos. Start and end focal length
values are randomized from a prede ned con guration range suitable for the desired location shot
and are then keyframed in Unreal Sequencer using Unreal Python automation. Indoor environment
shots typically have short focal lengths, whereas long focal lengths are primarily used in outdoor
environments.



Figure 3: Sample camera motions used in dataset. Left: Synthetic, Right: Captured.

Synthetic camera motions. BEDLAM2.0 introduces a variety of auto-generated synthetic camera
motions, including static, panning, tracking, dolly, orbit, and zoom, and various combinations of
these; see Fig. 3 (left) and the Appendix for details. To maximize variation in camera pose we
optionally layer differentiable synthetic Perlin-noise camera shake for location and rotation on top of
all these motions. The intensity of this shake effect is randomized. We have options to track individual
randomized body parts like the pelvis, spine or head with additional height offset randomization. For
shot types that track moving bodies, the changes in extrinsics are keyframed in Unreal Sequencer,
similar to the focal length setup. For tracking shots we utilize a custom Unreal Blueprint that uses
a camera setup with the Unreal SpringArm component for smooth camera motions via low-pass
Itering of the target location. For panning shots we use the default LookAt low-pass rotation lter
feature of the Unreal cinematic camera. When low-pass Itering position or rotation we make sure
to properly initialize the camera pose to the correct start pose for the rst rendered frame before
activating the lter. For the majority of shots the camera height above ground is between 0.5m and
2.5m with the exception of crane shots (dolly up/down) where the camera can move up to 12m
above ground. This gives top-down views, which are often missing from existing real-world datasets,
increasing diversity.

Captured camera motions. To add more realism and diversity, we capture real-world camera
motions. These include hand-held camera motions, which we capture with phone and tablet devices
as well as egocentric camera motion data captured with an Apple Vision Pro headset. The user views
a scene containing 3D humans and we capture three types of camera movements: static location shots
of a user standing in same location, orbit shots, and approach/retreat shots. See the Appendix for
details. Before rendering, we optionally randomize both handheld and egocentric camera motion data
with additional height and distance offsets, pitch offsets, as well as world-space rotation offsets for
viewpoint randomization. Figure 3 (right) illustrates a few of these captured motions.

Summary. Together, the synthetic and real camera motions cover a broad range of movement
types (Fig. 2 (right)) with a diversity of camera pitches and heights (Fig. 2 (left)). BEDLAM2.0
also contains many longer sequences than B1 (Fig. 2 (bottom left)). In the nal dataset, 86.4%
of the motions are synthetic, while 13.6% are captured. See the Appendix for further details and
https://b2dash.is.tuebingen.mpg.de/ for detailed statistics.

3.2 Human motions

Our motion pool is composed of 4643 motions in SMPL-X format, as compared to 2311 in BEDLAM.
The pool includes diverse motions sampled from AMASE][in particular from the datasets CMU
[10], KIT [35], BMLmovi [17], BMLrub [52], HDMO5 [37], ACCAD [3], Transitions B4], MoSh

[33], SOMA [16], PosePrior 4] and DFaustT]. We go beyond BEDLAM to sample additional
motions from the MOYO dataseb]], which contributes complex yoga movements, and the BEAT2
dataset [31], which captures conversational gestures.

Preprocessing. The motions are Itered to exclude actions where the balance of the body depends
on an external object, such as sitting, or where the motion is not supported by a ground plane,
such as going up and down stairs. Since many mocap motions start and/or end with a T-pose, we
automatically identify the frames where the body is in T-pose and exclude these segments from
sampling. Furthermore, we subsample the motions to 30 fps and add an offset to the translation
parameters to ensure that the body is centered at the origin during the rst frame of the motion.



Figure 4: Body shapes. Left: Histogram of BMIs for the body shapes in BEDLAM (red) and BED-
LAM2.0 (blue). Right: Resampled histogram used to generate more diverse bodies in BEDLAM2.0.

Sampling. From the motion pool, we sample motion segments ranging from a minimum of 4 seconds
to a maximum of 16 seconds in length, prioritizing 16-second long segments when available and
shortening only when the source motion duration is not long enough. For comparison, the maximum
length in BEDLAM is 8 seconds. From this sampling process we obtain a total of 10592 motion
segments and 3,231,846 pose frames, of which 1,665,448 (51.53%) appear only once in the dataset.

Retargeting. To augment the animation data with various body shapes, we designed an automated
pipeline to retarget the samples from our motion pool to the sampled body shapes. This is necessary
because the sampled bodies may have different limb lengths than the original motion-capture subjects.
We use the IK-Retargeter tool from Unreal Engine, which retargets a source motion to a target
skeleton, minimizing foot-sliding by world-space pelvis location adjustments for the new limb
lengths. This signi cantly increases the shape-motion diversity compared to BEDLAM. Moreover,
by adjusting body poses to t different skeletons, the retargeting increases pose variety. The code is
available on the project website.

Hand motion. Due to the complexity of capturing hands with optical motion capture technology, a
large fraction of AMASS does not contain hand motion. In order to provide hand pose variation, we
augment the data by adding randomly sampled hand motions from the ARCTIC datisetthe
existing AMASS motions.

3.3 Body shape

Body shapes in BEDLAM are not as diverse as in the real population. Here we increase the body-
shape diversity, particularly for high-BMI bodies. To that end, we sample SMP4eKWith 16

shape parameters in accordance with the body mass indices (BMIs) in the CAESAR diiaset |
which includes a diverse range of male and female body shapes. Speci cally, we sample 1,615
bodies with BMIs ranging from 18 to 41, ensuring balanced representation across the entire BMI
spectrum, as shown in Fig. 4 (left). Note that the BMIs in CAESAR are skewed to BMIs under 30. To
provide more shape diversity, we resample this distribution to include more bodies with high BMIs as
depicted in Fig. 4 (right).

Note that B1 uses a different version of SMPL-X from B2. For B2, we use the version with a
“locked” head, which removes the hair “bun” from the shape space. This is needed for realistic
hair groom generation. B1 also uses fewer body shape components (11 vs 16). To enable training
and comparison using both datasets, we ret the B1 ground-truth using the B2 16-beta model.
The resulting motion les are available for download from the original BEDLAM webdit&pé:
/Ibedlam.is.tuebingen.mpg.de/).

3.4 Hair

Hair realism and variation in BEDLAM is limited by the card-based hair models used and most
subjects do not have hair. Additionally, the hair assets have a license that does not allow redistribution.
To address these issues BEDLAM2.0 uses higher quality strand-based 3D hair grooms. This approach
models the hair as individual hair strand 3D curves, allowing us to adapt each hair groom to the
individual body head shapes. This also improves render quality and results in more accurate hair
rendering under HDR image-based lighting conditions with raytraced shadows. Unlike BEDLAM
we use hair in all rendered sequences.



Figure 5: Strand-based hair. These examples illustrate the realism and diversity, which is much
better than in BEDLAM.
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Figure 6: SMPL-X Shoes. (a) SMPL-X foot vs the “sock” foot. (b) Examples from the shoe database.
(c) Displacement, normal and texture maps. (d) Shoes rendered on the SMPL-X body.

We contracted a professional VFX studio with previous experience in generating realistic grooms
for synthetic data generatio6Z] to create 40 unique hairstyles for our SMPL-X (AMASS, no head

bun) neutral mesh default head shape (see Fig. 5). Each groom has between 50k and 100k 3D strand
curves of varying length. Total vertex count for a groom starts at 1 million for straight hair and can
go up to 13 million for complex curly hair styles like afro, where each strand contains about 170
vertices. Unlike previous work in this area, we release all of these grooms for non-commercial use.
In Unreal, we apply a randomized hair groom to the selected target body and use the hair binding
component to adapt it automatically to the target headshape surface. Hair color is determined by a
dedicated hair shader, which uses a combination of melanin and redness values to de ne the 9 hair
material presets used for rendering.

3.5 Shoes

BEDLAM, and similar datasets, contain SMPL or SMPL-X bodies with bare feet. This creates a
domain gap to real imagery in which people typically wear shoes. This further creates an issue for
estimating the body height and foot-ground contact because shoes introduce a displacement between
the bottom of the SMPL-X foot and the ground.

Adding shoes to SMPL-X is not trivial since the mesh topology represents the toes. Consequently, as
a rst step, we smooth out the SMPL-X toes to create a smooth canonical sock-like foot that better
matches the shape of shoes (Fig. 6a).

Next, we source shoes from the Google Scanned Objects dat&8ketfich contains a wide variety

of shoes and textures (see Fig. 6b for examples). We use a subset containing 45 loafers, 6 formal
shoes, 9 ballerina ats, 3 ip- ops, 18 boots, 5 football shoes (with traction studded soles), while the
remaining 96 are casual sport shoes.

We align all the shoe meshes, scaling them to create a common shoe size corresponding to the neutral
SMPL-X mesh. We then align the shoes with the SMPL-X mesh and, for each pair of shoes, bake
normal and texture maps to the SMPL-X UV space and compute a displacement map (Fig. 6¢) that,
when applied to the sock-like foot, deforms its shape to match the shape of the shoe. Subsequently,
we add an appropriate upwards translation to the whole body to account for the sole thickness. See
the Appendix for further details.
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