




aligned with image observations. In this work, we move
beyond these limitations and present an EM-based capture
system that is mobile, deployed to capture in-the-wild data,
and produces high-quality pose-to-image alignment.

RGB-based Pose Estimation The 3D pose of a human is
either represented as a skeleton of 3D joints [36, 38, 50,
75] or via parametric body models like SCAPE [1] and
SMPL [34] for a more fine-grained representation. We
note that almost the entire body of research estimates lo-
cal (i.e., camera-local) poses. In recent years, deep neural
networks have driven significant advancements in estimat-
ing body model parameters directly from images or videos
[12, 21, 22, 24, 25, 29, 30, 40, 51–53, 55, 57, 64, 70, 74]. In
addition, researchers have combined the advantages of both
optimization and regression to fit the SMPL body [26, 49].
Others have leveraged graph convolutional neural networks
to effectively learn local vertex relations by building a graph
structure based on the mesh topology of the parametric body
models, e.g. [7, 31]. These methods propose transformer
encoder architectures to learn the non-local relations be-
tween human body joints and mesh vertices via attention
mechanisms. Recently, a few approaches have set out to es-
timate realistic global trajectories of humans and cameras
from local human poses [28, 65, 68, 69]. We evaluate sev-
eral of the above methods on our proposed dataset on the
tasks of camera-relative and global human pose estimation.

Human Pose Datasets Commonly used datasets to eval-
uate 3D human pose estimation are H3.6M [18], MPI-INF-
3DHP [37], HumanEva [48], and TotalCapture [20]. Al-
though these datasets offer synchronized video and MoCap
data, they are restricted to indoor settings with static back-
grounds and limited variation in clothing and activities.

To address these limitations, [59] proposed a method that
combines a single hand-held camera and a set of body-worn
IMUs to estimate relatively accurate 3D poses, resulting in
an in-the-wild dataset called 3DPW. Following this work,
HPS [14] estimates 3D human pose with IMUs while local-
izing the person via a head-mounted camera within a pre-
scanned 3D scene. To further address the issue of IMU
drift, HSC4D [9] leverages LiDAR sensors for global lo-
calization. However, both HPS and HSC4D assume static
scene scans and do not register global body pose in a third-
person view. Moreover, they lack an evaluation of how ac-
curate their pose estimates are. Another approach to out-
door performance capture with reduced equipment is to uti-
lize one or multiple RGB-D cameras [2, 15, 16]. In these ap-
proaches, the quality of body pose registrations is limited by
the cameras’ line-of-sight, noisy depth measurements and
the capture space is fixed. None of these works provide an
estimate of their datasets’ accuracy either. EgoBody [72]
provides egocentric views and registered SMPL poses but

is restricted to a fixed indoor space, requires up to 5 exter-
nal RGB-D cameras and lacks evaluation of the data accu-
racy. Synthetic data has been suggested as a means to pro-
vide high-quality annotations [41, 57]. However, due to the
reliance on static human scans and artificial backgrounds
there is a distributional shift compared to real images.

With EMDB we provide the first dataset of 3D human
pose and shape that is recorded in an unrestricted, mobile,
in-the-wild setting and provides global camera and SMPL
root trajectories. To gauge the expected accuracy of EMDB,
we rigorously evaluate our method against ground-truth ob-
tained on a multi-view volumetric capture system [8]. These
evaluations reveal that EMDB is not only two times larger
than 3DPW, but its annotations are also more accurate.

3. Overview
Our goal is to provide a dataset with i) accurate 3D

body poses and ii) shapes alongside global trajectories of
the iii) body’s root and iv) the moving camera. This data is
obtained from electromagnetic (EM) sensor measurements
and RGB-D data streamed from a single hand-held iPhone.
We first describe the capture setup and protocol in Sec. 4.
Sec. 5 discusses our method, EMP, for the estimation of
global SMPL parameters, summarized in Fig. 2. To gauge
the accuracy of EMP, we evaluate it against ground-truth
data recorded with a multi-view volumetric system (MVS,
[8]). These evaluations are provided in Sec. 6. Finally, us-
ing EMP on newly captured in-the-wild sequences, we in-
troduce the Electromagnetic Database of Global 3D Human
Pose and Shape in the Wild, EMDB, in Sec. 7, where we
also evaluate existing state-of-the-art methods on EMDB.

4. Capture Setup
4.1. Sensing Hardware

EM sensors measure their position ps and orientation Rs

w.r.t. a source that emits an electromagnetic field. We use
the same wireless EM sensors as [23], which have an esti-
mated accuracy of 1 cm positional and 2-3 degrees angular
error. We mount the EM source on the lower back of a
participant and arrange the sensors on the lower and upper
extremities and the head and torso. For the detailed sensor
placement we refer to the Supp. Mat. All sensor data is
streamed wirelessly to a laptop for recording.

We record the subjects with a hand-held iPhone 13 Pro
Max. The record3d app [45] is used to retrieve depth and
the iPhone’s 6D pose is estimated by Apple’s ARKit. We
synchronize the data streams via a hand clap which is easy
to detect in the phone’s audio and in the EM accelerations.

4.2. Body Calibration

Before we start recording, we first scan each participant
in minimal clothing to obtain their ground-truth shape. To
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