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Abstract

Though effective and successful, traditional marker-less Motion Capture (MoCap) meth-
ods suffer from several limitations: 1) they presume a character-specific body model,
thus they do not permit a fully automatic pipeline and generalization over diverse body
shapes; 2) no objects humans interact with are tracked, while in reality interaction be-
tween humans and objects is ubiquitous; 3) they heavily rely on a sophisticated opti-
mization process, which needs a good initialization and strong priors. This process can
be slow. We address all the aforementioned issues in this thesis, as described below.

Firstly we propose a fully automatic method to accurately reconstruct a 3D human
body from multi-view RGB videos, the typical setup for MoCap systems. We pre-process
all RGB videos to obtain 2D keypoints and silhouettes. Then we fit the SMPL body
model into the 2D measurements in two successive stages. In the first stage, the shape
and pose parameters of SMPL are estimated frame-wise sequentially. In the second stage,
a batch of frames are refined jointly with an extra DCT prior. Our method can naturally
handle different body shapes and challenging poses without human intervention.

Then we extend this system to support tracking of rigid objects the subjects interact
with. Our setup consists of 6 Azure Kinect cameras. Firstly we pre-process all the videos
by segmenting humans and objects and detecting 2D body joints. We adopt the SMPL-X
model here to capture body and hand pose. The model is fitted to 2D keypoints and point
clouds. Then the body poses and object poses are jointly updated with contact and inter-
penetration constraints. With this approach, we capture a novel human-object interaction
dataset with natural RGB images and plausible body and object motion information.

Lastly, we present the first practical and lightweight MoCap system that needs only
6 IMUs. Our approach is based on Bi-directional RNNs. The network can make use
of temporal information by jointly reasoning about past and future IMU measurements.
To handle the data scarcity issue, we create synthetic data from archival MoCap data.
Overall, our system runs ten times faster than traditional optimization-based methods,
and is numerically more accurate. We also show it is feasible to estimate which activity
the subject is doing by only observing the IMU measurement from a smartwatch worn
by the subject. This not only can be useful for a high-level semantic understanding of
the human behavior, but also alarms the public of potential privacy concerns.

In summary, we advance marker-less MoCap by contributing the first automatic yet
accurate system, extending the MoCap methods to support rigid object tracking, and
proposing a practical and lightweight algorithm via 6 IMUs. We believe our work makes
marker-less and IMUs-based MoCap cheaper and more practical, thus closer to end-users
for daily usage.
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Kurzfassung

Herkdmmliche markerlose Motion Capture (MoCap)-Methoden sind zwar effektiv und
erfolgreich, haben aber mehrere Einschrankungen: 1) Sie setzen ein charakterspezifi-
sches Korpermodell voraus und erlauben daher keine vollautomatische Pipeline und
keine Verallgemeinerung tber verschiedene Korperformen; 2) es werden keine Objekte
verfolgt, mit denen Menschen interagieren, wéahrend in der Realitét die Interaktion zwi-
schen Menschen und Objekten allgegenwartig ist; 3) sie sind in hohem Mafe von aus-
geklugelten Optimierungen abhangig, die eine gute Initialisierung und starke Prioritdten
erfordern. Dieser Prozess kann sehr zeitaufwandig sein.

In dieser Arbeit befassen wir uns mit allen oben genannten Problemen. Zunéchst schla-
gen wir eine vollautomatische Methode zur genauen 3D-Rekonstruktion des menschli-
chen Korpers aus RGB-Videos mit mehreren Ansichten vor. Wir verarbeiten alle RGB-
Videos vor, um 2D-Keypoints und Silhouetten zu erhalten. Dann passen wir modell in
zwei aufeinander folgenden Schritten an die 2D-Messungen an. In der ersten Phase wer-
den die Formparameter und die Posenparameter der SMPL nacheinander und bildwei-
se geschétzt. In der zweiten Phase wird eine Reihe von Einzelbildern gemeinsam mit
der zuséatzlichen DCT-Priorisierung (Discrete Cosine Transformation) verfeinert. Unse-
re Methode kann verschiedene Kdrperformen und schwierige Posen ohne menschliches
Zutun verarbeiten.

Dann erweitern wir das MoCap-System, um die Verfolgung von starren Objekten zu
unterstiitzen, mit denen die Testpersonen interagieren. Unser System besteht aus 6 RGB-
D Azure-Kameras. Zunachst werden alle RGB-D-Videos vorverarbeitet, indem Men-
schen und Objekte segmentiert und 2D-Korpergelenke erkannt werden. Das SMPL-X-
Modell wird hier eingesetzt, um die Handhaltung besser zu erfassen. Das SMPL-X-
Modell wird in 2D-Keypoints und akkumulierte Punktwolken eingepasst. Wir zeigen,
dass die Kdrperhaltung wichtige Informationen fiir eine bessere Objektverfolgung liefert.
AnschlieRend werden die Korper- und Objektposen gemeinsam mit Kontakt- und Durch-
dringungsbeschrankungen optimiert. Mit diesem Ansatz haben wir den ersten Mensch-
Objekt-Interaktionsdatensatz mit natiirlichen RGB-Bildern und angemessenen Korper-
und Objektbewegungsinformationen erfasst.

SchlielRlich préasentieren wir das erste praktische, leichtgewichtige MoCap-System,
das nur 6 Inertialmesseinheiten (IMUs) ben6tigt. Unser Ansatz basiert auf bi-direktionalen
rekurrenten neuronalen Netzen (Bi-RNN). Das Netzwerk soll die zeitliche Abhéangigkeit
besser ausnutzen, indem es vergangene und zukiinftige Teilmessungen der IMUs zu-
sammenfasst. Um das Problem der Datenknappheit zu l8sen, erstellen wir synthetische
Daten aus archivierten MoCap-Daten. Insgesamt lauft unser System 10 Mal schneller als



Kurzfassung

die Optimierungsmethode und ist numerisch genauer. Wir zeigen auch, dass es moglich
ist, die Aktivitat der Testperson abzuschatzen, indem nur die IMU-Messung der Smart-
watch, die die Testperson tragt, betrachtet wird.

Zusammenfassend ldsst sich sagen, dass wir die markerlose MoCap-Methode weiter-
entwickelt haben, indem wir das erste automatische und dennoch genaue System beisteu-
erten, die MoCap-Methoden zur Unterstlitzung der Verfolgung starrer Objekte erweiter-
ten und einen praktischen und leichtgewichtigen Algorithmus mit 6 IMUs vorschlugen.
Wir glauben, dass unsere Arbeit die markerlose MoCap billiger und praktikabler macht
und somit den Endnutzern fiir den taglichen Gebrauch néher bringt.
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Chapter 1

Introduction

1.1 Background and Motivation

Motion Capture, commonly abbreviated as MoCap, is the process of recording the move-
ments of objects, animals, or people. Through this procedure, natural motions taking
place inside the physical world can be faithfully converted into a digital form that is
better suited for further editing and usage. As one of the fundamental tools for con-
tent creation, MoCap nds wide applications in Im making, entertainment, healthcare,
gaming, etc. Probably the best known MoCap system is Viomhich has been adopted

in the production of many award-winning movies. Other common MoCap technology
providers include XSeRs OptiTrack, and NeuroMoCah One snapshot of the Vicon
system with a subject performing motions is shown in Figure 1.1.

Though highly effective and mature, all the existing solutions to MoCap suffer from
some common limitations: the specialist devices are either time-consuming to set up or
are intrusive to the actors, and sometimes even heavy manual labor is needed for data
cleaning or other purposes. Taking the Vicon system for example, to use this system,
rstly, workers need to arrange the special optical cameras in a large capture space. Then
several optical markers are placed on the object to be captured. A problem that happens
quite often in the data capture process is that markers are missing or wrongly categorized
due to occlusion. To correct this issue, trained workers must manually correct these
mismatches. The whole procedure is both time-consuming and tedious.

These considerations motivate Computer Vision and Computer Graphics researchers
to search for more ef cient and practical approaches to MoCap. An ideal MoCap system
should satisfy three requirements: 1) It should be as accurate as possible. The cap-
tured digital motion should re ect the actual motion to a satisfactory extent; 2) It should
yield results quickly enough. The users should not have to wait long to check and eval-
uate the performance. In cases where response speed is critical for user experience,
like in VR/AR applications, even an interactive rate should be guaranteed; 3) It should

Lhttps://www.vicon.com/
2https://www.xsens.com/
3https://optitrack.com/
4https://neuronmocap.com/
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Figure 1.1: lllustration of the Vicon system inside the Perceiving Systems department of
the Max Planck Institute for Intelligent Systems.

place minimal intrusiveness on the users. The ultimate goal is that the end-user activities
should not be affected by the usage of the system at all. Marker-less MoCagt §Ku

2018a; Habermanetal., 2019, 2020, 2021a; Rhod#tal., 2016b), is one promising line

of research aiming at all these targets mentioned above, where the subject needs to wear
no extra accessories, thus has the full freedom to perform the desired activities naturally.
Typically multiple cameras are required, and the cameras need to be calibrated to high
accuracy beforehand.

Another direction also closely related to this thesis is MoCap from exible and minimal-
sized devices, like , the SIP method (Von Marcetdl., 2017), the AirCap method (Price
etal., 2018; Sainetal., 2019), the EgoCap method (Rhodiral., 2016a), and the Fly-
con method proposed in @gelietal., 2018). These approaches target getting accurate
enough results at a relatively affordable cost of extra devices, thus acting as an intermedi-
ate solution. Itis foreseeable that with the increasingly wider adoption of consumer-level
drones and various sensors over time, this approach will attract more and more attention
in both academia and industry due to its real promise of bringing practical MoCap into
the daily life of normal people. However, currently, these approaches are still limited in
the capture accuracy.

Traditionally MoCap only cares about the body pose without considering other body
parts like hair or accessories like handbags and shoes. It is the task of the end-users



1.2 Challenges

to manually add the necessary extra parts to the virtual avatars driven by the obtained
body pose or motion. More and more work focuses on providing an end-to-end solution
that estimates detailed full-body geometry from monocular images or videos, with or
without being textured. Some representative work includes PiFU (8&a#b, 2019),
MonoPerfCap Xwetal. (2018b), the method proposed by Alldiestial. (2018), and more
recently the SMPLicit (Coronatal., 2021). There is also work on generative clothed
body modeling like CAPE (M&tal., 2020), SCALE (Maetal., 2021) and SCANimate
(Saitoet al., 2021). This thesis mainly focuses on the body pose of the body under
clothing itself.

Based on the review of the current mainstream MoCap methods, we believe there is
still a strong need for more practical solutions to MoCap. The ideal MoCap system
should go beyond pure 3D skeletons and directly provide a 3D mesh. Thus the end-user
does not have to manually design an animatalbe template. It also needs to be lightweight
and relatively cheap, thus accessible to the public. Even better, the subject should be free
to move in an ample space without having to do re-calibration from time to time. MoCap
systems with these good properties are what we try to achieve in this thesis.

1.2 Challenges

Itis intrinsically hard to accurately and ef ciently estimate the whole-body con guration
from dense range measurement (dal., 2016; Tacetal., 2018; Lietal., 2013; Zhang
etal., 2017; Bogeet al., 2014, 2017), let alone to do that from partial or incomplete
measurements. The dif culty mainly stems from three factors.

Firstly, the human body is complex to describe, and the spectrum of possible human
poses is virtually unlimited, like shown in Figure 1.2. Humans are articulated creatures
with many body parts, each able to move freely within certain limits relative to its parent
joint. Though most MoCap methods currently only focus on the 3D skeleton, it is a
desirable feature for the MoCap system to recover the body surface, one extra property of
practical importance to many real applications. How to effectively represent the human
body in a realistic fashion remains an open problem. The solution space is enormous
even when only 3D joints are considered. It is well known that most Machine Learning
algorithms struggle when the dimensionality of the solution space is large.

Secondly, it is challenging to gather a large and diverse dataset covering the most
common human poses. Data has proven to be the key for Deep Learning models, whose
effectiveness has been validated in many branches of Computer Vision. How to obtain
high-quality data remains the rst problem for the successful application of Deep Learn-
ing in the area of MoCap. Please note that the already proven highly useful crowdsourc-
ing data gathering tools like Amazon Mechanical Teidannot be directly utilized here
since 3D body pose is way harder to annotate compared with 2D keypoints or image cat-

Shttps://www.mturk.com/
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