Retrieval-based Approaches for
Tracking and Reconstructing Human Motions

Andreas Baak

Department 4. Computer Graphics
Max-Planck-Institut f Gr Informatik
66123 Saarbiicken, Germany

Dissertation zur Erlangung des Grades

Doktor der Ingenieurwissenschaften (Dr.-Ing.)

der Naturwissenschaftlich-Technischen Faddullt

der Universiéit des Saarlandes, 13. November 2012




Betreuender Hochschullehrer/ Supervisor:

Prof. Dr. rer. nat. Meinard Miler
Bonn University & MPI Informatik, Bonn, Germany

Gutachter / Reviewers:

Prof. Dr. rer. nat. Meinard Miler
Bonn University & MPI Informatik, Bonn, Germany

Prof. Dr.-Ing. Bodo Rosenhahn
Leibniz Universitit Hannover, Germany

Prof. Dr.-Ing. Christian Theobalt
MPI Informatik, Saarhkiicken, Germany

Dekan/ Dean:

Prof. Dr. Wilhelm F. Maier
Universitt des Saarlandes, Sadrtken, Germany

Eingereicht am/ Thesis submitted:
19. Juni 2012 June 19th, 2012

Datum des Kolloquiums/ Date of Defense:
9. November 2012 November 9th, 2012

Andreas Baak

MPI Informatik, Geb. E1.4
Campus E1.4

66123 Saarlircken
Germany
abaak@mpi-inf.mpg.de



Summary

Tracking, reconstructing, and analyzing human motions constitute cerpie$ o computer vi-
sion and computer graphics. Although marker-less motion tracking hasameactive research
eld for more than two decades, there are still major challenges, in partistian dealing with
only few cameras, noise in the image data, occlusions, or fast motions. linésis, we intro-
duce novel approaches for increasing the stability, accuracy, angtrecy of marker-less human
motion tracking and 3D human pose reconstruction. As one common undectyiiegpt, the pre-
sented approaches contain a retrieval component making use of dakaloagedge in the form
of previously recorded marker-based motion capture (mocap) datartinuar, we contribute to
three di erent areas dealing with various types of sensors including video cajoptical mocap
systems, inertial sensors, and depth cameras. Firstly, we introducetcbased retrieval tech-
niques for automatically segmenting and annotating mocap data that is origireadigigut in form
of unstructured data collections. Secondly, we show how such rohostation procedures can
be used to support and stabilize marker-less motion tracking. Thirdly, wedagealgorithms for
reconstructing human motions from noisy depth sensor data in real-timettesd contributions,
a particular focus is put on eciency issues in order to keep the run time as low as possible.

Zusammenfassung

Die Analyse und Rekonstruktion von menschlichen Bewegungen aust8aten stellt ein zentra-
les Thema in den Forschungsgebieten der Computer Vision und Complkelgrdnsbesondere
die markerfreie Bewegungsstilzung aus Bilddaten weist trotz laabriger Forschungsaktiéten
noch De zite auf, die prinar bei schnellen Bewegungen oder verrauschten und urivadiigten
Sensordaten sichtbar werden. In dieser Arbd@irén wir neue Arétze zur markerfreien Rekon-
struktion menschlicher Bewegungen ein, welche den aktuellen Stand dehEog im Hinblick
auf Stabilitait, Genauigkeit und Ezienz signi kant erweitern. Dazu entwickeln wir datengetriebe-
ne Methoden, die Vorwissen in Form von Bewegungsdatenbankemnuizbesondere tragen wir
zu drei Teilgebieten bei, die sich mit der Analyse und der Rekonstruktioschéoher Bewegun-
gen aus Sensordaten von Videokameras, optischen Motion Captussr®eys Inertialsensoren
und Tiefenkameras besatigen. Zutichst erforschen wir inhaltsbasierte Retrieval- und Anno-
tationstechniken im Hinblick auf die Identi kation und Extraktion von geeignefeisschnitten
aus unstrukturierten Sammlungen von Bewegungsdaten. Dann zeiganenRetrievaltechniken
zur Stabilisierung von markerfreiem Tracking eingesetzt werdsmé&n. Schliel3lich entwickeln
wir Algorithmen zur Rekonstruktion von menschlichen Bewegungen in Eitlatze verrauschten
Tiefendaten. In allen Teilen dieser Arbeit spielenf&enzaspekte eine grof3e Rolle und es werden
schnelle Algorithmen entwickelt und implementiert.
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Chapter 1

Introduction

1.1 Motivation

Commonly, motion capturing is referred to as the process of recording mobijegts and cre-
ating three-dimensional digital representations of these mofi@fscher, 200 The resulting
motion capture data or simply mocap data constitutes the basis for applicatiorroumsvalds
such as gait analysis, rehabilitation, physical therapy, bio-mecharsiearah, sports sciences, or
performance analysis. With increasing importance, mocap data is used intewrapimation to
create realistic motions for both movies and video games.

In general, we distinguish betweemarker-basedcand marker-lessmocap. To date, mocap data
for commercial purposes is predominantly generated using marker-baszap systems. These
systems rely on some sort of markers or other tracking devices that arecatt® the actor's body.
Although the use of markers might impair or even restrict the actor's moveniemtany applica-
tion scenarios the advantages of marker-based mocap systems greadighutwe disadvantages
coming from markers being attached to the body.

The goal of marker-less motion tracking is to track the actor's movement wittsing any mark-
ers or other special tracking devices, thus allowing the actor to move in a mabweal way.
Marker-less motion tracking constitutes a central task in computer vision witl yeirunsolved
research problems. Most commonly, existing approaches rely on a tedilsat of optical cam-
eras supplying temporally synchronized streams of image data. In ordestoilte the actor's
motion, skeletal mocap data in terms of 3D positions, orientations, and andleslyfoints are
extracted from this data. To make the tracking task feasible, most of thentsystems require
further a-priori knowledge. Such knowledge may be given in form s@idace mesh modeling
the actor's body, which is often obtained by using a body laser scaAnether kind of a-priori
knowledge may consist of a speci c activity the actor is expected to parfdiere, additional
knowledge in form of suitable example motions may be used to stabilize the trgmkingdure.
Although powerful approaches exist that permit stable tracking in stwetigps, tracking algo-
rithms still have to be improved in order to meet or possibly exceed the qualitg aciéncy of
marker-based systems. In particular, in view of applications such asikkamee, rehabilitation,
and electronic monitoring, there is a high demand for stable, accurate aapdceuse tracking
algorithms that do not require the use of external markers.

1



2 CHAPTER 1. INTRODUCTION

1.2 Contributions and Organization

This thesis is motivated by the fact that existing algorithms for marker-less maodicking still do

not reach the robustness anda@ency of marker-based mocap systems. To stabilize and improve
marker-less motion tracking, we investigate the combination of robust rdthagad algorithms
with existing tracking methods. In both the retrieval and the tracking stepsabf data-driven
algorithms, e cient concepts are investigated and implemented in order to reduce th#é nuera
time of motion reconstruction. In this thesis, we explore multiple sensor typésesdibiting

di erent noise characteristics. Among others, we show how one can amadgizeconstruct mo-
tions on the basis of data with problematic noise characteristics as obtaineth&dial sensors

or depth cameras.

Part | of the thesis deals speci cally with retrieval and annotation of markerébasecap data.
There are many ways to generate marker-based mocap dataaiginmertial, mechanical, mag-
netic, or optical systems. Each technology has its own strengths and egsakn and we refer
to [Elson, 1994; Gleicher, 2000; Wikipedia, 23 ar overviews and discussions about the advan-
tages and drawbacks of such systems. In Part |, we deal with mocapataitag from optical
systems. Although such systems can record accurate mocap data \@en#y, the high cost
of creating mocap data (coming from specialized and expensive teclkqjcgment and the hu-
man resources in form of actors, techniciagts,) motivates the reuse of existing collections of
recorded mocap data. Therefore, automated methods for analyzingustrg and organizing
mocap data are needed. A further motivation for developing such metloasscfrom the fact
that mocap data coming from a recording session often has to be segmedthatated before
it can be applied ire. g, the production of movies or computer games.

We present three major contributions in the rst part of this thesis, workingards the goal
of creating a robust and ecient framework for automated segmentation and annotation of mocap
data. Here, one main diculty is due to the fact that similar types of motion may exhibit signi cant
spatial as well as temporal variations. To cope with such variations, exégogthms often make
use of computationally expensive warping and alignment techniques. #fteey summarizing

in Chaptef R the basic concepts as used throughout the thesis, wetpreseel keyframe-based
search algorithm that signi cantly speeds up the retrieval processrastichlly reduces memory
requirements (Chaptgf 3). In contrast to previous index-based s¢éstegr recursive algorithm
can cope with temporal variations. In particular, the degree of admissifdentition tolerance
between the queried keyframes can be controlled with an explicitesis parameter. While our
algorithm works for general multimedia data, we concentrate on demonsttiadémqyacticability

of our concept by means of the motion retrieval scenario. Our experirsbotg that one can
typically cut down the search space from several hours to a couple aftesimf mocap data
within a fraction of a second.

As a second contribution, in Chapler 4 we introduce a genetic algorithnafometically learning
keyframes for a given motion category. The presented algorithm reléebulls on the e cient
keyframe-based search algorithm as presented in CHdpter 3. As theangibution of Part |,
we introduce an ecient approach to segment and label mocap data according to a prddene
of motion categories, each speci ed by a suitable set of positive examplemadt@haptel5). In
our novel annotation procedure, the unknown motion data is segmentethaothted by locally
comparing it with the available motion classes. In this framework, the keyftzased search algo-
rithm (Chapte[B) along with the learned keyframes (Chapter 4) are ibéeyaelding signi cant
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improvements in the annotation quality andaency.

In Part Il of the thesis, we combine retrieval techniques described in Part | witiopisty devel-
oped tracking techniques. In particular, we introduce a novel iterataradwork for stabilizing
marker-less human motion tracking in a data-driven manner (CHapter &)islframework, we
start to track without applying prior knowledge to the tracking algorithm. Eselting 3D motion
sequences, which may be corrupted due to tracking errors, are loleayy ed according to avail-
able motion categories using an algorithm similar to the one presented in Haptgweénding on
the classi cation result, a retrieval system supplies suitable motion priolishvelne then used to
regularize and stabilize the tracking in the next iteration step. Experiments witfuimanEVA-II
benchmark show that tracking and classi cation are signi cantly improvest &ew iterations.

As a further contribution, in Chaptelr 7 we introduce a novel framewarkditomatically evaluat-
ing the quality of 3D tracking results obtained from marker-less motion trackingur approach,
we use additional inertial sensors to generate suitable reference itfmmmén contrast to pre-
viously used marker-based systems, inertial sensors are inexpezasyeto operate, and impose
comparatively weak additional constraints on the overall recording sdthgegard to location,
recording volume, and illumination. As our main contribution, we show how ingctesults can
be analyzed and evaluated on the basis of suitable limb orientations, whidie aarived from
3D tracking results as well as from inertial sensors xed on these limbs.egueriments on var-
ious motion sequences of dirent complexity demonstrate that such limb orientations constitute
a suitable mid-level representation for robustly detecting most of the traekings. In particular,
our evaluation approach reveals also miscon gurations and twists of the ttlabsan hardly be
detected from traditional evaluation metrics.

In Part Ill of the thesis, we develop a data-driven approach for reconstruatimg motions,
where we use monocular input from a depth camera instead of multiview vicksms. Depth
cameras have become a widely available sensor type that captures depth aheagpl-time frame
rates. A depth image can be imagined as a “pinpression”, where densilydplittle iron nails
are pushed forward to create a blueprint of a certain shape. In gri@dbe pinpression, each
pixel of a depth image stores the distance to the closest object in the scegeitaleiewing
direction. Since this representation contains more depth information than al@bDimage and
less information than a full 3D representation, such images are alsoectfterras 2.5D data.
Even though recent approaches have shown that 3D pose estimatiomfyoocular 2.5D depth
images has become feasible, there are still challenging problems due torstisagh the captured
depth data and self-occlusions in the motions. In our data-driven agpresge make use of a
previously recorded database of full-body poses to stabilize the motiongteaction. As one
main contribution, we develop an €ient algorithm for extracting semantically meaningful pose
features from the depth data. These features are then used to retaiglizisg pose candidates
from the database. By combining such a data-driven technique with anambpfor marker-
less tracking we achieve stable pose estimates even for complex motionsfasledrectively
prevented. In our framework, we contribute with several technical ingments that lead to
speed-ups of an order of magnitude compared to previous approaChesexperiments show
that the combination of the introduced techniques facilitates stable and teceahtime tracking
even for fast and complex motions, making it applicable to a wide range ofaites scenarios.
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1.3 Publications of the Author

The core parts of this thesis are based on ve main publications of the adthtre following,
the publications are listed in chronological order, and their relations to thsgsthee explained. In
further publications, similar techniques and methods as developed in thisliesibeen applied
to related application scenarios. The corresponding publications willdielstd at the end of this
section.

[Baaket al,, 2008] Andreas Baak Meinard Miller, and Hans-Peter Seidel. An eient algo-
rithm for keyframe-based motion retrieval in the presence of temporarmetions. In
Proceedings of the 1st ACM SIGMM International Conference on Muliemkdorma-
tion Retrieval (ACM MIR)pages 451-458, Vancouver, British Columbia, Canada, October
2008.

In this publication, a novel technique for keyframe-based motion retrigiatroduced. The
developed search algorithm is described and evaluated in Chapter 3.

[Miller et al., 2009] Meinard Miller, Andreas Baak and Hans-Peter Seidel. EEient and robust
annotation of motion capture data. froceedings of the ACM SIGGRAMdrographics
Symposium on Computer Animation (SO#gges 17-26, August 2009.

In this work, a novel framework for automated annotation of mocap dataited. More-
over, a genetic algorithm for learning keyframes from a set of positiden@gative example
motions is sketched. In Chapfer 4, this algorithm is described in more detakebibie
framework for mocap annotation is explained and evaluated in CHapter 5.

[Baaket al,, 2009] Andreas Baak Bodo Rosenhahn, Meinard iMer, and Hans-Peter Seidel.
Stabilizing motion tracking using retrieved motion priorsIBEE International Conference
on Computer Vision (ICCVYpages 1428-1435, September 2009.

In this contribution, retrieval techniques as developed in Part | of thastlaes used to
retrieve motion priors for stabilizing marker-less motion tracking. The resulitg-driven
tracking procedure is described in Chapfer 6.

[Baaket al,, 2010] Andreas Baak Thomas Helten, Meinard Mler, Gerard Pons-Moll, Bodo
Rosenhahn, and Hans-Peter Seidel. Analyzing and evaluating maskenégion tracking
using inertial sensors. IRAroceedings of the 3rd International Workshop on Human Motion.
In Conjunction with ECCVvolume 6553 ofLecture Notes of Computer Science (LNCS)
pages 137-150. Springer, September 2010.

In this article, we develop a method that enables the automated evaluation of-heaske
motion tracking also in outdoor scenarios by using data recorded fromiain@ensors as
reference information, see Chagtér 7.

[Baaket al, 2011] Andreas Baak Meinard Miller, Gaurav Bharaj, Hans-Peter Seidel, and
Christian Theobalt. A data-driven approach for real-time full body pesenstruction
from a depth camera. IEEE International Conference on Computer Vision (ICQMges
1092-1099, November 2011.

In this publication, we introduce novel algorithms for reconstructing humationmefrom
depth camera data. In Part 11l (Chagtér 8), we signi cantly expand ttisl@ and present
more algorithmic details and results.
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Publications with related application scenarios which are not further detaitat thesis:

[Pons-Mollet al,, 2010] Gerard Pons-MollAndreas Baak Thomas Helten, Meinard Mler,
Hans-Peter Seidel, and Bodo Rosenhahn. Multisensor-fusion foulBbBddy human mo-
tion capture. INEEE Conference on Computer Vision and Pattern Recognition (CVPR)
pages 663-670, June 2010.

In this work, we designed and implemented an approach for fusing videondtn orien-
tation data obtained from inertial sensors to improve and stabilize full-boohahumotion
tracking. To this end, a previously developed local optimization-basewagipfor tracking
is enhanced and stabilized. The performance of the tracking is evaluaiedaor studio
recordings.

[Pons-Mollet al,, 2011] Gerard Pons-MollAndreas Baak Juergen Gall, Laura Leal-Taéx
Meinard Miller, Hans-Peter Seidel, and Bodo Rosenhahn. Outdoor human motitmecap
using inverse kinematics and von Mises-Fisher samplintEEE International Conference
on Computer Vision (ICCVYpages 1243-1250, November 2011.

In this publication, we integrate orientation data obtained from inertial setistora parti-

cle Iter framework for marker-less motion tracking. In contrast to the lagatimization-
based algorithm ifPons-Mollet al, 201, the particle Iter framework enables a much
more stable tracking at the cost of higher run times. As one main technicibtdion,

we show how the recorded inertial sensor data can be used to reduliedresionality of

the tracking task with an ecient analytic inverse kinematics approach. We demonstrate
that complex motions can be tracked in an outdoor scenario with image datgusbfour
unsynchronized consumer cameras and orientation data from just weirsensors.
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Chapter 2

Basic Concepts

This chapter presents a brief review of basic concepts that are usegdfiout this part of the the-
sis. We begin with a brief summary of marker-based mocap data in SEcflontzi, ie summa-
rize relational features as introduced[uller et al, 2009 and x some notation in Sectidn 2.2.
Relational features are used as an underlying feature representatius and the subsequent
chapters. Such features transform mocap data into a space that isrint@gdobal translations
and rotations. Moreover, by projecting the mocap data onto semantically rgaamelations,
important and discriminative aspects of the motion are retained while a higeedefmvariance
to subtle and person-speci ¢ details in the motions is achieved. Using relbfisatares as a basis,
we outline in Sectiofi 213 the concept of motion templates, which capture thecessfemmotion
class in a semantically interpretable maffi&iiller and Rder, 2005. In the subsequent chapters,
we show how motion templates can be used in a robust amieat manner for segmenting and
annotating mocap data.

2.1 Marker-based Motion Capture Data

Modern marker-based mocap technology is capable of accurately aakthrecording human
motions at high spatial and temporal resolutions. Such systems use canmges ito record im-
age data of the scene that contains markers. The markers either reeegt.(g, [Vicon, 2013),

(@) et (b) (©)

Figure 2.1. (a) 3D Marker positions as recorded from a commercial motigtuwa system(b): Skeletal
kinematic chain with joints (gray) and bones (bladk): Reconstructed skeletal pose.

9



10 CHAPTER 2. BASIC CONCEPTS

Figure 2.2. Seven poses of a side kick sequence (top) and a front kickesegubottom). Even though
the two kicking motions are similar in some logical senseytkxhibit signi cant spatial and temporal
di erences. From Mler and Ryder[2007.

or actively emit (seeg. g, [PhaseSpace, 20/)2ight. In order to ease the detection of the marker
positions, some systems use infrared light sources and cameras thatnwbek infrared do-
main[Vicon, 2013. From the recognized 2D pixel positions and the calibration of the cangas,
positions of the markers can be computed, see Flgure 2.1 (a) for an exdmptethe 3D marker
positions, the motion of the underlying skeleton can be reconstructed. Tertthjghe skeleton
is modeled as a kinematic chdiiltller, 2007. Although methods for automatically computing
a suitable skeleton from just a sequence of 3D marker positions[&u&iet al, 2004, a tem-
plate skeleton (similar to Figute 2.1 (b)) is typically provided. In contrast toraatically gen-
erated skeletons, one gains full control over the admissible degree=edbim of the movements
by using a manually designed template skeleton. Using inverse kinematics optimigedize-
dures[Murray et al, 1994, joint angles of the skeleton can be determined from the 3D marker
positions, see Figufe 2.1 (c) for a resulting 3D pose of the skeleton. A tafgEguence of joint
angles or joint positions is referred to as mocap data.

Mocap data is used in a variety of applications ranging from motion synthedéandriven com-
puter animation to motion analysis in elds such as sports sciences, biomeshamniccomputer
vision [Kovar and Gleicher, 2004; Mier, 2007; Rosenhahet al, 2007¢. Although there is a
growing corpus of free mocap da&,g, [CMU, 2003; Miller et al,, 2007 Tenortret al,, 2009,
there is still a lack of e cient motion retrieval systems that work in a purely content-based
fashion without relying on manually generated annotations. Here, the maiculty is due to

the fact that similar types of motions may exhibit signi cant spatial as well as ¢eahyaria-
tions [Kovar and Gleicher, 2004; Mier, 2007. For example, the two kick sequences shown in
Figure[2.2 are logically related even though theyaticonsiderably with respect to motion speed
as well as the direction, the height, and the style of the kick.

Most of the previous approaches to motion comparison are based orefetitat are semantically
close to the raw data, using 3D positions, 3D point clouds, joint angleseptations, or PCA-
reduced versions thereof, seeg, [Forbes and Fiume, 2005; Hstial, 2005] Keogret al, 2004;
Kovar and Gleicher, 2004; Sakamatbal,, 2004; Wuet al, 2003. One problem of such features
is their sensitivity to pose deformations which may occur in logically related motibngher-
more, computationally expensive techniques such as dynamic time warpin)(BE necessary
to establish temporal correspondence between related ffi&oesr and Gleicher, 2044 To cope
with spatial variations, Nller et al. [200H introduce the concept @élational featureswhich is
based on the following observation. As opposed to other data types suih shape, image, or
video, 3D mocap data is explicitly based on a kinematic chain that models the hkgaiatos.
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Figure 2.3. Various boolean relational features that encode spéjalvelocity-basedb), as well as
directional informatior(c) between the joints of a pose. FrdM{ller et al, 2004.

This underlying model can be exploited by looking for semantically meanifgfolean relations
between speci ed points of the body.

2.2 Relational Features

Ph2Pforn2[1:N]:=f12;:::;Ng(w.rt. a xed sampling rate), wherP denotes the set of
all poses. Here, each pose consists of a full set of 3D coordinateslgiag the joint positions of

a skeletal kinematic chain for a xed point in time, see Fidure 2.1. The ideelational features
as introduced by MNller et al. [2009 is to describe semantically interpretable, boolean aspects
of a pose or a short sequence of poses expressing actions or tiotesaaf certain body parts.
Mathematically, a relational feature is a boolean funcion P ! f 0; 1gthat assumes only the
values zero and one. As an example of a relational feature, considaieh&ed plane determined
by the center of the hip (the root), the left hip joint, and the left foot indichtethe green plane
in Figure[2.3 (a). When the right foot lies in front of that plane, this relatideature, which we
refer to asF1°, is de ned to assume the value zero, otherwise one. Interchangingspamding
left and right joints in the de nition ofF1° and ipping the orientation of the resulting plane, we
obtain another feature function denoted lB3f. Relational features may also encode velocity-
based information. For example, one may check whether the absolute velbtity right foot
exceeds a certain velocity threshold, see Figure 2.3 (b). By checkinglibaty of the right hand
projected onto the direction determined by the belly and chest, one obtaiasuaeféhat tests
whether the right hand is moving upwards or not, see Figuie 2.3 (c).

Forming a vector off boolean features for somfe 1, we obtain a combined featuFe: P !

f0; 1g referred to as &eature function Applying a feature functiorF with f components to a
motion data streand of lengthN in a pose-wise fashion yieldsfaature matrix X2 f0; 1gf N
see Figur€Z]4. The" column ofX then contains the feature values of frammend will be denoted
by X(n) := F(P,),n2[1: NJ.

In this thesis, we use relational features as outlined in Table 2.1. Herergh89 features are
de ned and described ifMuller and Ryder, 2005; Miller, 2007{ Miller et al, 2004 to which we
refer to for further details including the speci cation of various genegigtfires and a discussion
of threshold selection. The #feature expresses whether the angular velocity of the root joint is
high or not.

A feature functionF with f components can be used to characterize semantic properties of a
motion. As example, consider the feature functor= (F1%; F16) which gives hints about the
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LIREYS

5 10 15 20 25 30 35
Time in frames sampled at 30 Hz

@)
(b)

Features
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Figure 2.4. Skiing exercise motion(a): Poses of the motion at frame positions 10, 15, 19, 23, and 28,
sampled at 30 Hz(b): Feature matrix of the skiing motion used in (a). The labehbars of the features
correspond to the features used|Miller and Rder, 2005. Black encodes the feature value one, white
encodes the value zero.

motion of the lower part of the body, see Figlrel 2.4, rows 15 and 16., feedeature values
for one execution of a skiing exercise motion have been visualized, vidheck corresponds to
feature value 0 and white corresponds to feature value 1. In the begiphase of the motion
(frame 10), the actor has the right foot in the back and the left foot inrthe.f This corresponds

to F15(P10) = 1 andF%(Pyg) = 0. Subsequently, none of the feet are in the back in frame 19,
corresponding t&1°(P10) = 0 andF8(P1g) = 0. Finally, the positions of the feet are interchanged
in frame 28.

As another example, consider the featuF&S=F2¢ which encode whether the rigleft foot is
fast. Clearly, during the phases in which the feet are moving in the air, fhasges show the
value 1 in Figuré 2J4. The values of the featuFes(right hand moving upwards) arfeP (left
hand moving upwards) are also depicted in Figuré 2.4.

In this manner, Miller and Rder[200€ de ned a set off = 39 features, see Talle 2.1 for an
overview. In addition to these features, in the Chapters 4 and 5 we willruadditional feature
F40 that expresses whether the angular velocity of the root orientation is higbotoWe chose
to integrate such an additional feature in order to better discriminate motionsowithatation,
e. g, turning motions, from motions without root rotation. This feature set isisjadly designed

to focus on full-body motions. Note that even though relational featuresidisa lot of detail
contained in the raw motion data, important information regarding the overalje@tion of a
pose is retained. Moreover, relational motion features are invariamr gtobal orientation and
position, the size of the skeleton, and local spatial deformations of a pose.

2.3 Motion Templates

We now review the concept of motion templates which was introduced lijleM and
Roder[2006. As underlying feature representation, we revert to relational feaasaescribed
in Sectior Z.P.
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ID description

F.=F, rhand moving forwards
F;=F, rhand above neck
Fs=F¢ rhand moving upwards
F,=Fg relbow bent
Fo hands far apart, sideways
Fio hands approaching each other
F1:=F1» rhand moving away from root
Fis=F14 rhand fast
Fis=F16 rfoot behind lleg
Fi;=F1g rfoot raised
Fio feet far apart, sideways
Fo.o=F,1 rknee bent
Fso feet crossed over
Fas3 feet moving towards each other, sideways
Fos feet moving apart, sideways
Fos=F,¢ rfoot fast
F,,=F,g rhumerus abducted
Fyo=F30 rfemur abducted
Fa1 root behind frontal plane
Fao spine horizontal
Fs3=F3, rhand lowered
Fis=F35 shoulders rotated right
Fa; Y-extents of body small
F3s XZ-extents of body large
Fag root fast
Fao root rotates arounyl

Table 2.1. Description of the 40 relational features used in this pathe thesis. For details of the rst
39 features we refer tfMUller and Roder, 200b. The 4@ feature depicts whether the magnitude of the
rotational velocity of the root joint is high.

Given a clas<C consisting of 2 N example motions, such as the four motions from the class
“sitDownFloor' shown in Figure 2]5 (a), the goal is to automatically learn a mai&ss represen-
tation that grasps the essence of the class. One starts by computing theaéfetidure vectors
for each of the motions. The corresponding feature matrices are shown in Higdre 2v#{b)e,

for the sake of clarity, we display a subset comprising only eleven of thelO features.

Next, a semantically meaningful average over thfeature matrices is computed. To cope with
temporal variations in the example motions, an iterative warping and averalgiogthm is em-
ployed which converges to an output matk referred to asnotion templat€¢MT) for the class

C. The matrixXc has real-valued entries between zero and one and has a length (number o
columns) corresponding to the average length of the training motions. FZg@fa) shows a
motion template obtained from = 4 motions of the class “sitDownFloor'. The class MT con-
stitutes a combined representation of all four input motions. The importaenai®on is that
blackiwhite regions in a class MT indicate periods in time (horizontal axis) whetaindeatures
(vertical axis) consistently assume the same valuedameadn all training motions, respectively.
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Figure 2.5. (a)Selected frames from four dérent motions of the class “sitDownFloor(b) Resulting
boolean feature matrices for selected relational featgmesbered in accordance with the features de ned
in [MUller and Rder, 200$). The columns represent time in frames (using 30 framesquarsl), whereas
the rows correspond to boolean features encoded as blaakdOyhite (1).

10 20 ?:0 40 &;0 éo 7‘0 86 9‘0 10 20 30 40 50 60 70 80 90

Figure 2.6. (a)Class MT for ‘sitDownFloor' based on the= 4 training motions shown in Figufe 2.5.
(b) Corresponding quantized class MT.

By contrast, colored regions indicate inconsistencies mainly resulting fesiations in the train-
ing motions (and partly from inappropriate temporal alignments). In othedsydine blackvhite
regions encode characteristic aspects that are shared by all motiareawthe colored regions
represent the class variations coming frometent realizations. Finally, one obtaingaantized
MT by replacing each entry ofc that is below a quantization thresholdoy zero, each entry
thatis above 1 by one, and all remaining entries bynddcard character indicating that the
corresponding value is left unspeci ed, see Fidure 2.6 (b).

In our experiments in Sectign 5.4, we use the threshetd0:05, which has turned out to yield a
good trade-o between robustness to motion variations and discriminative power. Only ip-Cha
ter4, where an algorithm for learning keyframes is described, we uséritiequantization thresh-
old = 0in order to determine the features that do not show any variations amongithiag
motions.



Chapter 3

E cient Keyframe-based Retrieval

This chapter is based on the publicat[@aaket al, 200§ and constitutes one main contribution
of this thesis. We introduce a novel algorithm for retrieving subsequeoicenocap documents
based on keyframes. The algorithm is inspired by the following observa@amsider the two
kicking motions illustrated by Figurie 2.2. Even though there may be large vasalietween
di erentkicking motions, all such motions share some common characterisgtterright knee
is stretched, then bent, and nally stretched again, while the right footsedaluring this process.
Afterwards, the right knee is once again bent and then stretched, wailegtit foot drops back
to the oor. Therefore, by simply checking some characteristic poses itethporal context, one
can exclude all motions in the database that do not share the characteogtiession of relations.
These characteristic poses are calkegframes We use the ternkeyframe queryo refer to a
sequence of keyframes, where each keyframe is speci ed by a bofelature vector that describes
characteristic relations of a speci c pose. Then, the general seaatkrgy using the keyframe
query is to extract all parts from the mocap database that exhibit featgters matching the
keyframe feature vectors in the correct order within suitable time bounusirGportant property
of our search algorithm is that it allows us to explicitly control the degreenoptwal deformations
in the retrieval process. Intuitively spoken, the neighboring querframes are connected with
elastic springs which can be expanded and compressed by a certamsfaatoed by what we
refer to assti ness parametersee Figuré 3]1. Even though our algorithm can handle temporal
variations, it works with a standard inverted le index as used in text reg{BVitten et al, 1999.
Signi cantly speeding up retrieval and drastically reducing memory remerds, our strategy
is ideally suited to cut down the search space in a preprocessing stap befadying a more
re ned analysis to rank and further process the reduced dataset.iVWkeemonstrate such a two-
stage retrieval procedure by combining our keyframe-based seitttthe DTW-based retrieval
strategy using motion templates as describefMiller and Roder, 2005, see also Chaptér 2 for
a brief introduction.

The remainder of this chapter is organized as follows. We start by givilngerview about related
work for this and the following chapters in this part (Secfioq 3.1). Next, e g motivating ex-
ample for keyframe-based retrieval (Secfiod 3.2). Then, we desavibeve build up an inverted
le index (Section[3.8). In Sectioh 3.4, we introduce the query, hit, and medcicepts, respec-
tively. The details of the main algorithm and a discussion of its run time behangqurasented
in Sectior 3.5, where we also illustrate the operation mode of our recutgivétam by means of

15
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Figure 3.1. (a) In a keyframe query, the keyframes can be thought of as bedngected by elastic
springs. (b): A database hit has to contain the queried keyframes in thne gader and within speci ed
time bounds controlled by a stiess parameter. Note that the query and the two hits exHibérent
temporal deformations.

an explicit example. We then describe our experiments in Sdcfibn 3.6 anddent Sectiof 3]7.

3.1 Related Work

Motion synthesis. The usage of prerecorded human 3D mocap data to create new, nat-
urally looking motion sequences has become a standard procedure in teongmima-

tion. Here, motion graphshave become a popular tool which is used to cently
combine fragments of existing motions, s¢Kovaretal, 2002; [Chai and Hodgins, 2005;
Shin and Oh, 2006; Heck and Gleicher, 2007; Lee and Lee |Z200@&n&ad and Hodgins, 2007;
Beaudoiret al, 2007; Beaudoirt al, 2008] Kovaret al,, 2008; Zhacet al, 2009.

Many approaches for motion synthesis rely on morphable models or suitablding strategies
to create new motions from recorded sets of motion capture [fBiEese and Poggio, 2000;
Kovar and Gleicher, 2004; Arikaet al., 2005%; | Mukal and Kuriyama, 2005| Hst al,, 2005;
Zordanet al, 2005; | Zordaret al, 2007;[Leeet al, 2009. Other approaches rely on having
speci ed keyframes, annotations, they use procedural rules, osiggipased simulation in
order to synthesize motiongPullen and Bregler, 2002; Lest al, 2002; [Arikanet al, 2003;
Cooperet al, 2007; |[Metoyeet al, 2008; |Mukal and Kurtyama, 2009; | Lesal, 2010;
Wei and Chai, 201l By contrast, Lauet al. [2009 and Min et al. [201d follow a di er-
ent line in which new motions are created by a generative model learnedafew example
clips. For a further in-depth review of example-based motion synthesisefer to the
survey[Pejsa and Pandzic, 2C110

Current data-driven motion controllers allow us to generate a wide rahtgslo-speci c mo-
tion sequences satisfying additional spatial and temporal constraintg. offib& proposed con-
trollers are built upon carefully compiled sets of prototype motions that ¢cbeeftesired range of
tasks and execution modes. For example, Ras#. [199¢ group similar example motions into
“verb” classes to synthesize new, user-controlled motions by suitablegatétion techniques.
For synthesizing new motions from motion graphs, Kostal. [2004 integrate annotation con-
straints given by a user. Acquisition, capturing and annotation of suitabliemsdor building
up specialized datasets is a labor and cost intensive[@s&peret al, 2001. Therefore, var-
ious strategies have been described to reuse previously recorded srsttioad in a database.
In this context, ahorough and reliable annotatioaf the stored motions is of great importance
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and such a system will be developed and explained in the forthcoming chafiieen though
there is a rapidly growing corpus of freely available mocap @MU, 2003; Miller et al, 2007;

Eyes, JAPAN Co. Ltd., 2012; Ohio State University, 2 18ere is still a lack of e cient systems
that automate the annotation process without manual intervention. Hermyadnehallenge is to
deal with signi cant spatial as well as temporal variations that may be ptesesemantically
related motion§Kovar and Gleicher, 2004; Mier, 2007.

Indexing and DTW. Most existing retrieval and annotation approaches use indexing methods
of some sort in order to speed up the retrieval process. Kovar andnét¢g004 propose to
compute a so-called “match web” which is based on a self-similarity matrix of ttadvdse. This
data structure describes potential matches between any pair of motiomsebses and can be
used to e ciently search for similar motions. In their approach, results for a querysed as new
queries in order to grow a set of similar motions from just a single example matmnever, the
match web might be infeasible to build for large mocap databases and themusirye part of

the mocap database.

Miiller and his colleagudd/iller et al, 2005] Miller and Ryder, 2006; Demutkt al,, 2004 pro-
pose to use semantically motivated relational features to represent motiomecdpta. Using
these features, they develop a fast index-based motion retrievaldpredd/iller et al, 2005;
Demuthet al, 2004. However, given a query motion, the user has to make an informed choice
about the features used in the query in order to obtain satisfying retriesalts. In the same
retrieval scenario, Gaet al. [2006a; 2006bintroduce a scene description language and a pre-
computation strategy that reduces the run time for processing a query. aldteuse retrieval
techniques to build up a motion graph.iNer and Rider[200d develop the concept of motion
templates which capture consistent and varying aspects of a set of moidtis motion tem-
plates, retrieval can be performed without manually selecting featuréidasdor each query.
However, since DTW is used in the retrieval step and no further indexnagegies are used,
the method lacks ecient query processing for large databases. In the following chaptensill
show how keyframes can be learned and used in order to assist a motidateebgsed annotation
procedure.

An indexing approach that proceeds in two stages was proposed tst Wi200d. First, start
and end frames of possible candidate clips are identi ed utilizing a possdbadex and then the
actual distance from the query is computed via DTW. However, the meth@duadt al. [200d
does not enable explicit control over temporal deformations of the &mds which imposes a
strong limitation on their preprocessing method. kiual. [Liu et al, 2003 index mocap data
using a hierarchical data structure that exploits the skeletal structure cdpraata. Based on
the indexing method, mocap documents in the database are identi ed as ¢ardiga which
are further analyzed by a DTW-based comparison. In their appréiaemocap database has to
be segmented a priori, whereas our indexing and retrieval techniqudie harsegmented mo-
cap sequences. As another related work, Gitial. [Chiuet al, 2004 partition the skeleton
into nine body parts and construct a separate index map for each bddyspeay self-organizing
map (SOM) clustering. Given a query motion, these maps are used in ordeictdy iden-
tify candidate clips in a database which are further analyzed using DT@/clibsen indexing
method uses a bag-of-postures representation of a motion and is thuaribvarthe temporal
order of the poses. By contrast, our method explicitty models the chronalogider of and
temporal deformation between keyframes. Similar to the work of @hial., Wu et al. [2009D;
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20094 use SOM clustering on the joint angle data in order to perform index-tmasedp retrieval.
A hierarchical indexing structure consisting of independent index &aek corresponding to a
di erent sub-part of the body is used by Pradbaal. [2009. A hierarchical part-based repre-
sentation is also used in the work of Deagal. [2009. In their method, a fast string matching
algorithm on the discovered movement patterns is employed. Forbes and [206%k identify
characteristic poses in both the database and query motions. Thesangosesd to constrain and
speed up a DTW-based similarity computation.

Most of the above mentioned motion retrieval approaches try to cope witlneantemporal
deformations in the motions with variants of DTW. By contrast, Keetél. [2004 observe that
in many cases nonlinear temporal variations of motions do not have to be maodeleetrieval
scenario. Instead, they propose an indexing technique that accoupt®iouniform scaling of
mocap data in the temporal domain.

Dimension Reduction Techniques. In order to reduce the complexity and redundancy of the
raw mocap data, several approaches employ dimension reduction tezhnigu et al. [2004
represent a pose by a stacked vector of 3D marker locations. Thegedke dimensionality
with principle component analysis (PCA) and represent a motion by a piseénear model. An
indexing method that builds upon a clustering of the poses in a motion is emplogetkinto e -
ciently identify similar motions. In a followup work, they show how a piecewisedimaodel can

be used to also reconstruct motions from a reduced markéiseét al, 2004. Li et al. [2007

use singular value decomposition on a joint angle matrix of a motion clip to captenaajor
geometric structure of the matrix. A support vector machine is employed fssififang hand-

as well as full-body motions. The ISOMAP dimension reduction techniqueedd irsthe work

of Xiang et al.[2007 and Guocet al.[2011]. After compacting the mocap data, the subsequence
DTW algorithm is employed for the computation of retrieval results.

Kriigeret al. [201d show that faskd-tree-based nearest-neighbor searches along with viable
medium-dimensional feature sets can lead to drastic speed-ups forl sxistiag approaches

to motion retrieval. Remt al. [2011] precompute a BIRCH-based incremental clustering of the
database. Then, they project each pose onto the nearest clusterRetrieval is performed using

a variant of a longest common subsequence algorithm which is used to itwpssequences of
cluster centers identi ers.

Several approaches to classi cation and recognition of motion pattemdased on Hidden
Markov Models (HMMs), which are also a exible tool to capture spatio-tenap variations,
see.e. g, [Brand and Hertzmann, 2000; Xiang, 2007; Wang and Lee, RO@9nporal segmenta-
tion of motion data can be viewed as another form of annotation, whereaanse, logically
related frames are organized into groups, seg, [Barbic et al, 2004.

Real-time approaches. Recently, real-time applications of motion retrieval and classi cation
were discussed. For example, Deegal. [2011] perform real-time recognition of dance mo-
tions. To this end, they subdivide the representation of a human body ietpavts and project
joint angle representations for each part onto cluster centers obtaoradriining data. Using

a variant of DTW on the projected data, the input motion is continuously cadpartemplate
motions in real-time. Based on distance scores to template motions, a motion of hdartaeng
double is played back. Raptet al. [201]] develop a real-time classi cation system for dance
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motions. The classi er relies on an alignment of the performed motions to a ginesical beat.
Numaguchiet al. [2011] use an actual puppet equipped with rotational sensors in order to allow a
user to intuitively formulate a query and obtain retrieved motions interactively.

Most of the above cited procedures use motion representations thanaaatically close to the
raw data. Here, problems occur when one has to cope with strong pfzgendgons within

a class of logically related motions. Approaches suclflas et al, 2005;| Miller et al, 2004
absorb spatial and temporal variations already on the feature level, tianHacilitates a more
robust and e cient motion comparison. In this thesis, we cope with spatial variations by using
relational features as introduced[M{ller et al, 2005. As for temporal variations, we introduce
an e cient keyframe-based indexing technique in the forthcoming chapters fésgher tool, we
make use of the DTW algorithm for more re ned temporal alignments.

3.2 Motivating Example

As a motivating example for the use of keyframes, consider a skiing ezermsion class as the
one sketched in Figufe 3.2 (a). Such a motion class is characterized byetidéal backward and
forward swinging of arms and legs coupled with a joint air and landing phatbe owo feet. Note
that by considering only the sketched poses or even a subset treehemfian can easily distinguish
this motion class from many other types of motion. Intuitively, we want to nd g Wwaw to

e ciently encode and search for characteristic aspects of a motion clagse Tharacteristic
aspects correspond keyframesvhich should carry the discriminative essence of a motion class.
We now consider two dierent executions of the skiing exercise motion and plot the corresponding
feature matrices in Figute 3.2 (b) and (c). Note that the two feature matigaggree in length and
the sequence of feature values because both executions of the mo&orindspeed and style. In
spite of this, the characteristic poses as sketched in Higure 3.2 (a) egsarfed using the same
feature vectors in both executions of the motion, respectively. In thes gue highlight the feature
vectors of the corresponding poses using green boxes. Suchefeatiiors2 f0; 1gf, however, do

not constitute a practical representation of a keyframe because ndaintes in the poses are
expressed. In fact, only two example motions are shown and only the mosidisative 6 out of

the 39 features described in Section| 2.2 are plotted in the gure. The remdrining motions

as well as the other features can exhibit more variations anereinces since the skiing motion
class permits signi cant dierences in the style of execution. For example, consider a feature
that expresses whether the arm moves upwards. Amorggelt executions of the motion, strong
inconsistencies can be found in the values of this feature since some tecti® lift the hands
while moving forwards, and others keep the hands on the same height sptéctdo the body.

We express such uncertainties using the wildcard charaasrused in quantized motion tem-
plates, see Sectidn 2.3. A quantized motion template for the skiing motion classl thaime15
example motions is depicted in Figurel3.2 (d). Inconsistencies in the execofidhes training
motions are re ected by the wildcard charactefgray regions in the gure). For example, con-
sider frame 16 of the motion template. In this phase of the motion, some actorstreedeft hand
and some actors kept the left hand at the same height. This is re ected bgltlee in the row
corresponding té¢ in the motion template.

As will be explained in the following section, in view of eient retrieval using a standard inverted
le index, we use boolean keyframe vectors as queries. In order tidancertainties represented
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(b)

(©)

(d)

Figure 3.2. Skiing exercise motion(a): Poses of a motion at frame positions 10, 15, 19, 23, and 28 (30
Hz). (b): Feature matrix of the skiing motion used in (a). The labehbars of the features correspond
to the features used {MUller and Rdder, 200p. Black encodes the feature value one, white encodes the
value 0. (c): Feature matrix of another execution of the skiing exerc{s: Quantized motion template

of the skiing motion class trained with 15 training motionsm the HDMO5[M{iller et al, 2007 motion
database.

Figure 3.3. A keyframe with a wildcard character is handled by expandhegwildcard character and
creating a set of keyframes.

by wildcard characters in the query vectors, we expand the wildcardcieas and create a set of
boolean keyframe vectors as indicated in Fidquré 3.3.

Recall from Sectiofl 2|3 that a motion template can be thought of as a gengraatare ma-

trix which is obtained by suitably averaging the feature matrices of the traininigpmso Muller

et al.[2006 suggest an MT-based motion retrieval method using a variant of dynamic tme w
ing (DTW) to locally compare a motion template with the feature matrices of the urknastion
data. In the following section, we explain our keyframe-based algorithineaemplify its ca-
pabilities by an application which speeds up an MT-based retrieval teahnidgre, we rst run

our keyframe-based search algorithm tocgently reduce the dataset. Then, we rank the reduced
dataset by applying an MT-based retrieval component.

3.3 Indexing

i 2 [1:1]. For simplicity, we may assume that the databBseonsists of one large document
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track of document boundaries in a supplemental data structure. Noteuthdd dheir boolean
nature, relational features are ideally suited for indexing.H_bt a xed feature function having
f relational features as its components, see SeCfidn 2.2. Then, for edctefeector 2 0; 1¢f
one stores thaverted list L(v) consisting of the indicea 2 [1 : N] with v = F(Py). In other
words, L(v) shows which of the poses &f exhibit the feature vector. In a preprocessing step,
we construct a query-independent index struclﬁre:onsisting of the 2inverted listsL(v), v 2
f0; 1d . Note that one only has to store the non-empty lists. Furthermore, to corgnolithber of
index words, one can also split up the feature function into severaréfamctions and then work
with the resulting smaller indices in parallel, $&&lller et al,, 2004. The elements of the inverted
lists are stored in ascending order, accounting focient union and intersection operations in the
subsequent query stage. To further reduce the size of the indexetherds of each ligt(v) are
run-length encoded. Using this encoding, only one entry in an inverted tiginerated for a time
section in a feature sequence in which the features do not change.

3.4 Query, Hit, and Match Concept

As mentioned in the introduction of this chapter, certain types of motions typicetifpie char-
acteristic relations that already discriminate these motions from most otherdypegions. For
example, a cartwheel motion can be distinguished from most other motions sisnphebking
whether the body is upside down in the execution of the motion. The idea isitessdihe charac-
teristic relations of a keyframe pose by a suitable feature vec2di0; 1gf with respect to a xed
feature functior-. Since using all components Bfis often too restrictive, we allow an entire set

vV {0 1d (3.1)

of alternative feature vectors to describe the characteristic relationsseTdets can be derived
from a quantized motion template as indicated in Figuré 3.3. As an alternatole keyframes
can be generated in an automated way from example motions by employingti gégarithm,
see Chaptérl4. In the following, such a e simply referred to akeyframe

keyframesVi f 0;1¢f, k 2 [1 : K], and a sequence = (dy;:::;dk 1) of keyframe distances

d« 2 No, k2 [1: K 1]. Here,dk speci es the distance (in frames) of the neighboring keyframes

Vk and Vi+1. To account for temporal deformations, we introducstianess parameter =
1,700 k 1),k 2 [0;1], which controls the degree of expansion and compression allowed in

the matching process.

(ng;:::;nk) of increasing indices 1 n;  ::: nk N such that the following two conditions
are ful lled:
8k2[1:K]: F(Pn) 2 Vk (3.2)
1
8k2[1:K 1]: k ¢ Mk Nk — dk (3.3)

k

Here, Condition[(3]2) implies the occurrences of the characteristic kegfigoses and Condi-
tion (3.3) ensures that the distances of two consecutive keyframesithie the tolerated time
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Figure 3.4. To compute the inverted keyframe list of a keyframe fvy; vog corresponding inverted lists
are combined. The run-lengh-encoding step can reduce tddentanber of segments.

bounds speci ed by and keyframe distances in the query. Note that choosing 1 implies

that the keyframe distance of keyframdsandVy.1 within a hit have to coincide with the dis-
tances within the quenyi.., there is no deformation tolerance). On the other hand, for 0

(we then setik = 1) there are no deformation bounds—the keyframes within a hit simply have
to appear in the order as speci ed by the query.

The number of dierent hits may explode with decreasing siéss. For example, a small devi-
ation in one of the keyframe positions already de nes, in mathematical termisgaet hit. In
applications, one is typically not interested in all hits but only in a set of sgpative hits. We
therefore soften the frame-based notion of a hit and assume a segmestedoview. For each
query keyframé/i, k 2 [1 : K], we de ne aninverted keyframe list

[
k= (W)= L(v): (3.4)
V2V

Note that all inverted Iiéts are sorted in lexicographic order which allows wsrt@an e cient
merging algorithm inO(" ,y, jL(V))). Further, note that each segment in an inverted list corre-
sponds to a run of feature vectors in a document. Thus, by construdttbe mverted lists, all
considered segments are pairwise disjoint and we do not have to coasatpping segments

in the merging algorithm. We again look for maximal runs of consecutive indicése merged

list (similar to run-length encoding) and store the resulting inverted keyftamnesee Figuré314.
Each such run is de ned by segmenf{s: t] with integerss t, wheres denotes the start frame
andt denotes the end frame of the segment. Then, one can encode the inesffradnie list

by a sequence

k= [scritcalssonilse e D) (3.5)

of segments, wherg denotes the number of segments. Note that because of the maximality of
the runs, one has

8i2[1: k 1]: i+ 1< s+ (3.6)

8K2[1:K]: sp Mk tkp: (3.7)

In this case, we also say that the mabtcontainsthe hitH. In other words, a match speci es a
sequence of segments (rather than a sequence of frames) contaieigt ahe hit. In the follow-
ing, we think of px being a pointer to the segmersf, : tkp ], See Figuré 3]5. The motivation of
this notion becomes clear in Section]3.5 when we describe the main algorithm.
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o 1 /1
1 2 3 4 6 /7 8
MatchM = (py;

Figure 3.5. Two inverted keyframe lists ; and ;. Here,p; points to the segmenty(p;) = [2:4] andp;
to the segment »(p2) = [7:8].
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Figure 3.6. RangesR(M;) (indicated by arrows) of four dierent matched;, i 2 [1 : 4]. The ranges
R(M1) = [1:7], R(IM) = [2:11] andR(M3) = [4:10] overlap, whereaB(M,) = [13:15] is disjoint to the
other ranges.

Of course, a match may contain several hits. For a given mdtiet R(M) = [s:t] be the segment
(given by start frames and end frame) of minimal length that comprises all hits contained in
M. We also refer taR(M) as hit relevant rangeof M. For example, assume that the match
M = (p1; p2) = (1;3) of Figure[3.b contains exactly the three hits = (3;7), H, = (4;7), and
Hs = (4;8), thenR(M) = [s:t] = [3:8].

In the case that hit relevant ranges of several matches overlap nsileq as a further reduction,
the union of these ranges instead of the individual ranges. This is maotibgt®ur strategy
of running a multistage retrieval procedure. Here, in the rst stagegéwmh document in the
database it suces to extract coarse candidates that contain the keyframe querytatrieagas a
kind of preselection). As an example, consider the four ranges shotigime[3.6. The ranges
R(M1) = [1:7], RIM2) = [2: 11], andR(M3) = [4: 10] overlap, whereaR(Mg) = [13: 15]
is disjoint to the other ranges. The union of the rst three ranges dethessegment [1 : 11].
Note that the union does not change when considering only the rst twgesaleaving out the
rangeR(M3). We then say thaltl is anirrelevant match Our keyframe-based search algorithm
to be presented next may actually leave out some matches, but for thesarosieow that they
are irrelevant matches.

3.5 Main Algorithm

Before describing our main algorithm, we introduce some further notationei@kzing the above
notion, asegments an element of the set

S:=f[s:t]: s2Ng;t2Ng[flg ;s tg[fQ: (3.8)
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Algorithm 1 Keyframe-based Search

Input:  (V;d): keyframe query comprising keyframes
: sti ness parameter
I2 inverted le index
Output: hitRanges: the union of all hit relevant ranges
Global: (p1;:::;pk): pointers into the keyframe lists
hitRanges

1: procedure KeyframeBasedearchV, d, IE)
2 for k 15) K do

3 k V2V L(V)

4. Pk 1

5: end for

6 forpp  1to 1do

7 admissibleRange 1( 1(p1)

8 Recursivesearch(2; admissibleRange)
9 end for

10: end procedure

11: procedure Recursivesearch(k, [s:1])
12 while px k" tp, < sdO

13: Pk Pktl

14: end while

15: pointerincremented FALSE

16: intersection k(P \ [s:1]

17 while intersection, ; do

18: if k=K then

19: hitRanges hitRange$ R((p1;:::;pk))
20: else

21: admissibleRange (intersection)
22: Recursivesearchk + 1; admissibleRange)
23: end if

24: P Pktl

25: pointerincremented TRUE

26: if px> kthen

27: intersection ;

28: else

29: intersection  k(pk)\ [s:t]

30: end if

3L end while

32: if pointerincremented TRUE then

33: [V

34: end if

35: end procedure
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Figure 3.7. Keyframe query of our running example.

The intersection of two segments is de ned;ais case one of the segments is empty. Otherwise,
for segmentsg;:t1] 2 Sand [s;:tp] 2 S, we de ne

(

if i< sorty<
[s1:t1]\ [s:to] := 1<Sorz<s

[max(sy; s2) :min(ts; t2)]; else (3.9)

Our keyframe-based search algorithm (see Algorithm 1 on page 24)st®mf a main proce-
dure called KyframeBasedearch, and a recursive procedure calleddrrsivesearch The in-

d = (dy;:::dk 1), as well as a stiness parameter = ( 1:::; k 1). Recall from Sectiof 313
that the indexE does not depend on the query. The algorithm outputs unions of hit ntlergges
which comprise all matches except for possibly some irrelevant oneseHieranges as well as

the following, we illustrate the functioning of our algorithm by means of an ex@i@mple with
three keyframe¥ = (Vi;V2;V3) and frame distances = (3;5). As for the sti ness parameter,
we use = (0:5;0:6), see also Figufe 3.7.

The procedure KyframeBase®earchtakes care of the initialization and the rst step. In Lide 3,

(p1;:::;pk) are all initialized to the value one, thus pointing to the rst segments of theotisp
lists. For our running example, this state is also illustrated by Figuie 3.8 (&)thifee keyframe
lists are

([3:4];[6:7]);
([1:2];[4:6];[9:10]); and (3.10)
([1:3];[5:8];[11:12],[14: 15]).

w N R
I

Now, thefor-loop in Line[6 sweeps over all segments(p1), p1 2 [1 : “1]. Note that these
segments exactly contain the database frames that match the rst key$tame other words,
for each hitH = (ny;:::;nk) one hasy 2 1(py) for somep; 2 [1 : "1]. Line[d species an
admissible search range( 1(p1)) for the second keyframé,. More generally, given a segment
of candidate frames for tHé" keyframe, , computes the admissible range, which is speci ed by
dcand y, for the k+ 1) keyframe. Here, the function, := 4 : S!S ,k2[1:K 1],is

de ned as

8 N S
2 [s+d ¢ deeit+ = dc]; if x>0

[s:t] 7! > [S1] if =0 (3.11)

7
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To illustrate this de nition, we consider our running example for the gase 1. Then, 1(p1) =
[3:4] and

113:4) = . ([3:4]) (3.12)
= 0;5;3([314]) $ % (313)
=[3+d5 3e4+ 0—15 3] (3.14)
= [3+2:4+ 6] (3.15)
=[5:10]: (3.16)

In other words, if the rst keyframe lies within the segment [3:4], then theond keyframe must
lie within the segment [5:10] to ful Il Condition[(313), see Figure 3.8 (a). Mind.ine @ triggers
the recursion starting with the second keyframe and the admissable rgngép;)).

The procedure BcursiveSearch starts with fast forwarding the current poingay (Line[13) until
the list end is reached or until the current segmeg(px) = [Scp : tkpJ does not lie entirely
to the left of the admissible rangs [ t]. In our example, this is the case fgp = 2, where

2(p2) = [4:6]. Line[18 calculates the intersection of the current segment anddthessible
range. The intersection de nes a segment of candidate frames that negfithrkeVy and ful Il
the distance conditioi (3.3) for at least one frame of the previous segmer(tpx 1). In our
example, the intersection is [4:6][5:10] = [5:6].

In thewhile-loop, starting at LinE~17, all segments iR that lead to a non-empty intersection with
the admissible ranges[t] are considered. Here, the increment of the poipteand computation
of the intersections is handled between Liné 24 and [Lide 30. In thelcaseK, each such
intersection contributes to a hit (this directly follows from what was said @poVherefore, in
Line[19, the hit relevant range of a resulting match is computed and the urfimmmied with the
previously computed hit relevant ranges. An example for this step will lmaissed later. In the
casek < K, a new admissible range is computed (Liné 21), and a recursion is triggétethe
(k + 1) keyframe (Liné_2R).

We continue our example with, = 2 and the non-empty intersection [5 : 6]. In Lih€l 21, the
admissible range([5:6]) = [8:14] is computed, see Figure B.8 (b) for the state of the algorithm
at this step. Liné_22 triggers another call oédRirsiveésearch for the third keyframe. At this
recursion levelps is incremented tgs = 2 (Line[13) and the intersection of the current segment
3(p3) and the admissible range is [5:8]8:14] = [8: 8], see Figuré_3]8 (c). Now, the condition
k = K is ful lled. The pointers @1; p2; p3) = (1;2;2) de ne a match and LinE_19 extends the
union of the hit relevant ranges IR((1; 2; 2)) = [3:8]. At this point we note that the hit relevant
range E:t] of a given match can be computed eently. Here, the end frame of the intersection,
calculated in Lin€16, yields To calculates, one has to backtrack from the intersection inkii&
keyframe list to the rst keyframe list. Then, Linel?24 sgis= 3 and the resulting intersection is
[11:12]\ [8:14] = [11:12] (Line[30). The pointerspg; p2; p3) = (1; 2; 3) de ne another match
with R((1; 2; 3)) = [3:12], which is merged with the previously found hit relevant range bsumse
of the union operator in Line_19. After incrementingie = 4, Line[27 sets the intersection to
[14:14] andR((1;2;4)) = [3:14] is processed in Line19. Now, incrementing the poinem
Line[24 exceeds the list boundary, so that the empty intersection as conipltiee 274 causes
thewhile-loop to stop. In Liné_33, the pointgy; is decremented to the previous value, where the
intersection was non-empty. In our example, we then h@ve 4. Note that the decrementation
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(b)

()

(d)

(€)

Pointers py; pz; Ps): ---

Figure 3.8. Keyframe lists 1, », and 3 of our example keyframe querga): The pointers 1; p2; ps)
are initialized to point to the rst segments of the respeetist. The admissible range([3:4]) is indicated
by the gray dotted are#b)—(e) show intermediate states of the algorithm, see the textfoliaeations.
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M Hits R(M)
(1,22) (358) [3:8]
(1,23) (3511) (3,6,11) (3;6,12); (4,6,11) (46,12) [3:12]
(1,2,4) (36;14), (4,6,14) [3:14]

(L:3:4) (3914) (3,9,15) (4:9,14), (49,15); (410,14), (4,10,15) [3:15]

(6;9;14); (6;9;15); (6;10;14); (6;10;15)

@349 (7:9,14) (7;9,15) (7:10,14); (7:10,15) [6:13]

Table 3.1. Matches found by the proposed algorithm for our running eashits that are contained in
these matches, and their hit relevant ranigg@d).

is necessary to nd all hit relevant ranges which could possibly also decftame 15. Although
the matches already comprise the last segment of the third inverted keyfranteeliit relevant
ranges of the matches found so far do not include frame 15. Decremgmntiagd continuing
the algorithm ensure nding the correct hit relevant ranges. Thersgmu returns to the point
where Recursivesearch(3, (8,14)) was called (Line22). The pointes is incremented tg, = 3
(Line[24) and the intersection [9:10]\ [5:10] = [9:10] is calculated (LinE-30). Thehile-loop
is repeated and in Life 21 the admissible range is set({8:10]) = [12:18], see Figure_38 (d).
The subsequent recursive call (Linel 22) leads to the matcBi4)L Finally, the pointerp; is
increased leading to another match32), see Figure 318 (e).

Table[3.1 shows all matché4 found by our algorithm along with all hits contained in the respec-
tive match and the resulting hit relevant rand#). Actually, there are two matches,; @ 3)
and (2 3; 3), which are not found by the algorithm. These matches, however,rateviint since
R((1;3;3)) = [3:12] andR((2; 3; 3)) = [6:12] are contained in unions of hit relevant ranges of the
other matches. Also recall that the actual output of the algorithm consigte ahion of allR(M),
thus avoiding an explosion of the output size. In our example, this resultsimgée segment
[3:15].

The recurrence in our algorithm is a property that follows from the follgvdgansideration. When
searching inside an admissible range, one has to set some frames aatearfdica hit and search
in the next inverted keyframe list for suitable frames tting to the next keyia After nishing
the search in the next keyframe list, one still has to know the admissible raatgeetd before the
search was started. Therefore, a recursion is an appropriate wggrass such a condition.

3.6 Experiments

Our keyframe-based search algorithm works for general time-depénmdultimedia data and

is designed for e ciently handling temporal deformations between the query and the database
keyframes. We will demonstrate the practicability of our concept by meathe@hotion retrieval
scenario, where one typically encounters such deformations betweamteally related motion
sequences. In Sectién 3.6.2, we describe some experiments showingrtiaégarithm is often

able to cut down the search space from several hours to a couple dfeshiumotion capture
data within few milliseconds (ms). The so reduced dataset can then belranéleanalyzed by
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Figure 3.9. Histogram of sti ness values in the manually de ned queries.

more re ned alignment techniques. We will demonstrate such a two-stagevedstrategy by us-
ing motion template§M{iller and Rder, 200 for postprocessing the keyframe-based matches,
see Sectiop 3.6.3. Here, we also report on some experiments to demonstetectiof the sti -
ness parameter on the nal retrieval result. Information on the experiingataset and the used
keyframes can be found in the following Section 3.6.1.

3.6.1 Experimental Data Set and Keyframes

For our experiments, we used the freely available HDM05 datalda&#er et al, 2007, which
consists of 210 minutes of motion data contained in 324 les. Making up amgedength of 39
seconds, each le consists of a sequence okdent actions. A detailed description of the motion
les can be found in[Muller et al, 2007. From the HDMO5 database we cut out 1327 short
motion clips which were organized into 57 motion classes, each containing I0r&akzations
executed by various actors. These motion classes were used to gdmsfadenes in a semi-
automatic process. Here, using one half of the motion clips of each classirsiagrdata, we
computed quantized motion templates based on the 39 relational featureectea[3.2. These
features were divided up into three feature sets: One upper bodipwaebody, and one mixed
set. We then selected 3 to 9 representative columns along with their distdeeeh @lass motion
template as keyframes. For details of a similar procedure we refffiiteer and Ryder, 200%. To
avoid false negatives (at the expense of having more false positiveshanually post-processed
the keyframes by adding or removing suitable feature vectors from tHeakegs. For each query,
we also manually de ne the vector of stiess values, see Figure13.9 for a histogram of these
values. Among our 57 queries, stiess values between20and 10 were used. Only 31% of
the values occur in the more strange of = 0:9 or = 1:0 which shows that overall, a fair
amount of temporal deformations is permitted in the keyframe queries. Asfugtieries, we
concatenated the motion class keyframes to generate longer and more cquesies describing
sequences of dierent actions, see Section 316.3.

At this point, we note that the focus of this chapter is not on the fully automateditey of
keyframes, but on the ecient and deformation-tolerant retrieval based on a given set of suit-
able keyframes. In order to fully automate the creation of keyframes, ipt€hd we employ a
genetic algorithm to learn keyframes from positive as well as negativértgaimotions. Once suit-
able keyframes are generated for a speci ¢ motion class, they can Heasspieries to arbitrary
databases.

To prove the applicability of our algorithm, we conducted several expetsnefhe presented
algorithm has been implemented in a mixtur€asf+ and Matlab. All experiments were executed
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Figure 3.10.Run time of the keyframe-based search algorithm vs. the ruoftsegments in the processed
inverted lists, plotted on a log-log scale.

on an AMD Athlon 64 X2 5008 (using only 1 core) with 5GB of RAM.

3.6.2 Data Reduction

As shown in Table3]2, we used the generated keyframes as an input dgorithm to reduce the
search space for 57 query motion classes. For each dGesnotes the number of keyframes, and
Avg. isthe average of the stiess vector used for this query. We give the number of segments in
thejnverted lists that have to be processed in the query with the value in tmercotrresponding

to l,. To demonstrate the eciency of our algorithmiX shows the keyframe search time in
milliseconds, and %) shows the size of the reduced search space in percent with regael to th
database size.

The time taken to reduce the search space using our algorithm amounts t@:&ntyslon average.
E ectively, the search space is reduced to less than 5% of the entire databagerage. As the
table shows, the search time depends on the size of the processed iligeste®imall searching
times, like 03 ms for query ID1, are due to queries that contain keyframes desciitfiieguent
poses in the database. For query ID1, characteristic poses for eheatfwvhich occur only in
few other motions in the database, were used as keyframes. In contths, tasing the 39 full
body motion features frorfiMller and Rder, 2008, the class ID49 (turnRight) can not be dis-
tinguished from the standing pose. Here, using a total of 9 keyframes, tthem 60000 segments
have to be processed. Because of the unspeci c keyframes, allirsgapdses in the database
are contained in the reduced search space. It is important to notice tlaigiltthe number of
keyframes in this case is rather high, the search time does not explodealljctine run time
grows linearly with the size of the processed keyframe lists as demonstsakegiurel3.10. Here,
we plot the run time$X against the length of the processed listk, for all queries of Tablg3]2.

As for the percental size of the reduced search space, for most ofabses, sizes of less than
3% can be achieved. For many classes, like ID6, even better redudiésrara reached, returning
less than 1% of the HDMO5 database. Unlike these results, some queriesréduce the search
space well. As already mentioned, the keyframes for query ID49 arernatispeci c. As a result,
for this query more than 20% of the database is returned. Similarly, foreu&50 to ID57, some
of the reduction rates are not so good due to the large number of walkingnaati®iDMO5 and
due to some confusion between various walking styles.

As a further application, the keyframes can be combined to describeafquan entire sequence
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ID  Query class K Avg. v Iy tK %(D) tR
1 cartwheelLHandStart1Reps 3 70 75 0:3 12 234
2 claplReps 5 ©® 39326 366 140 5094
3 clapAboveHeadlReps 5 8 11959 118 17 328
4  depositFloorR 5 ® 18565 175 6.0 1063
5 depositHighR 7 ® 20860 215 2:2 375
6 elbowToKneelRepsLelbowStart 3 70 265 05 0.6 78
7 elbowToKneelRepsRelbowStart 4 60 1631 20 0.6 63
8 grabFloorR 7 B 20664 193 25 344
9 grabHighR 6 & 18560 179 29 656

10 hopBothLegslhops 5 0 23808 220 10 125

11 hopLLeglhops 3 8 4358 45 05 31

12 hopRLeglhops 4 :® 16965 158 11 109

13 jogLeftCircle4StepsRstart 4 & 2115 28 14 203

14  jogOnPlaceStartFloor2StepsRStart 5 :8 0 28583 276 304 8766

15 jogRightCircle4StepsRstart 3 60 1451 1.8 13 188

16  jumpDown 4 B 5726 56 12 188

17  jumpingJacklReps 3 ‘0 780 1.5 09 109

18  kickLFrontlReps 5 B8 30918 269 20 250

19 kickLSidelReps 4 9 1516 20 11 141

20  kickRFrontlReps 5 8 4302 53 11 188

21  kickRSidelReps 4 ‘9 11610 105 12 172

22  lieDownFloor 3 ® 1784 22 27 813

23  punchLFrontlReps 5 ‘D 11214 125 14 234

24 punchLSidelReps 6 0 29549 298 26 375

25  punchRFrontlReps 6 ‘0 16880 193 25 406

26  punchRSidelReps 6 0 45343 428 17 266

27 rotateArmsBothBackward1Reps 3 60 837 1.0 15 172

28 rotateArmsBothForward1Reps 6 ;60 6009 65 0.7 78

29 rotateArmsLBackward1Reps 4 70 6021 60 0.6 78

30 rotateArmsLForward1Reps 3 70 508 0:8 07 94

31 rotateArmsRBackward1Reps 3 50 1618 21 0.6 63

32 rotateArmsRForward1Reps 3 :60 298 0:6 o7 78

33 runOnPlaceStartFloor2StepsRStart 5 19 0 24522 229 0.4 31

34  shu e2StepsRStart 8 ‘@ 31395 316 20 359

35  sitDownChair 6 ® 2793 38 24 422

36 sitDownFloor 5 o 3911 45 47 1109

37 sitDownKneelTieShoes 3 a 372 07 22 609

38 sitDownTable 6 18393 199 293 16766

39 skierlRepsLstart 5 ® 4157 52 0.8 78

40 sneak2StepsLStart 4 0 4935 56 15 250

41  sneak2StepsRStart 6 :80 18126 183 20 328

42  squatlReps 4 ® 848 1:2 10 141

43  staircaseDown3Rstart 5 80 9644 105 6.5 1469

44 staircaseUp3Rstart 5 ‘D 2860 4.0 L7 281

45  standUpLieFloor 3 6 463 07 17 375

46  standUpSitFloor 6 ] 7969 79 36 672

47  throwBasketball 5 8 5624 69 30 563

48  turnLeft 7 09 34548 338 106 4063

49  turnRight 9 ® 63819 618 201 9844

50 walk2StepsLstart 6 9 12956 148 105 4609

51 walk2StepsRstart 5 ‘® 18547 184 132 5875

52  walkBackwards2StepsRstart 5 90 8641 938 11 141

53  walkLeft2Steps 3 9 312 05 09 141

54  walkLeftCircle4StepsRstart 6 0 11447 138 135 3953

55 walkOnPlace2StepsLStart 5 90 14792 160 359 17422

56  walkRightCircle4StepsRstart 7 60 10196 141 115 2719

57  walkRightCrossFront2Steps 3 :80 6545 57 4.0 875
? 4:8 0.75 12314 125 4.8 1657

Table 3.2. Retrieval results on the HDMO05 databaseS(BOngs of mocap datak: Number of keyframes
used in the query. Avg. : average of the stness vector. I,: Number of segments in the processed
inverted liststX: Keyframe search time in ms. @): Size of the reduced search space in percent (w.r.t. the
size of HDMO05).tR: Time for motion template retrieval on the reduced searettsn ms.
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Figure 3.11. (a) The two keyframe queries “elbowToKnee' and “squat' are ltioed to yield a new
keyframe query(b): Corresponding combined MT.

'_,
ID  query class K Avg. Iy X %(D) R
58 ID6+1ID42 7 a7 1114 1.8 1.2 281
59 ID13+ID15 7 a7 3566 51 1:3 438
60 ID19+1D23,ID 26 16 07 63739 727 1.8 797
61 ID22+1ID 22 6 a7 3568 4.2 21 1656
62 ID27+1D 28 10 Q7 12030 144 1.0 219
63 ID39+ID6 8 0.7 4423 58 08 234
64 ID44+1D 43 10 Q7 12505 167 1.0 281
65 ID52+ID57 8 07 15186 175 17 594
66 ID55+ 1D 33 10 Q7 39314 425 1.0 391
? 91 o7 17272 201 13 543

Table 3.3. Retrieval results on the HDMO5 database5(Bours of mocap data) using combined queries.
The combined queries are used to search for a sequenceaigictee also Table3.2.

of various actions. As an example, the concatenation of the queries &bkmee and squat is
shown in Figuré¢ 3.11 (a). By setting the distamgeand the corresponding stiess parameters
between the last keyframe of the rst motion class and the rst keyframth@fsecond motion
class, one can control the time that may elapse between the two actions. A sippitaaeh
to scene description has been sketchefMiller et al, 2004. To demonstrate the applicability
of this scenario, we have created nine combined queries. The retrgsdtsr are documented
in Table[3.B. Although more keyframes are used, the keyframe search tesendbexplode. For
example, in query 60 comprising 16 keyframes, a total of 63 739 segmergskan processed
in 727 ms. In comparison to query ID49, which exhibits a similar number of precessgments,
but a smaller number of keyframes, only a small increase in the search timgeoaloserved.
Additionally, for all combined queries the size of the reduced searclespaery small. Generally,
the more keyframes are used in a query, the less data ts to these keyframes

3.6.3 Retrieval Quality

To show the eectiveness of our algorithm in a two-stage retrieval system, we apply motion te
plate retrieval[Muller and Rder, 2006 as a ranking of the reduced search space. For queries
ID1 to ID57, class motion templates have been used. For queries ID58 & B class motion
templates have been combined as indicated in Figuré 3.11 (b). In this exanepiéhdiv-to-knee
motion template and the squat motion template have been concatenated with a Itéekadties,
assigning zero cost for this clipping during the ranking process. Tthemutput of the MT-based
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Figure 3.12. Run time of the MT-based ranking on the reduced search spadbes size of the reduced
search space on a log-log scale.

retrieval step is a set of ranked motion clips contained in the reducechsgzace.

In Tabled 3.2 and 3.3, the columtisdepict the time in ms required for the ranking step. Using

a variant of DTW, the run time depends linearly on the product of the sitieeafeduced search
space and the size of the motion template. Since in practice the size of the motiontésngpla
similar among di erent queries, the run time can be assumed to grow linearly with the size of the
reduced search space. This is also documented in Higure 3.12, whetetwlee run time of the
ranking step over the size of the reduced search space. Note thahkiregratep takes less than

a second for most of the queries. The speed-up with regard to motion tengiiédeal on the
whole database is equal to the reduction rate of the keyframe basel.searc

To demonstrate the quality of the results, precision-recall diagrams for querées are shown
in Figure[3.IB. For these queries, 15 to 75 relevant documents are @zhiainhe HDMO05
database. The recall is very high among all queries, which means thadheed search space,
obtained by our algorithm with stness values around@) still contains most of the relevant
documents. Unlike the other queries, on query ID36 (“sit down on ddalse positives occur
early in the hit list. Most of the false positives are motions of the class “lie dmwvmor”, which
starts in most cases in the HDMO5 database with a “sit down on oor’-phase.

To quantify the in uence of the stiness parameter, Figure 3114 shows the results for the queries
of the rst two rows of Figuré_3.13, where the stiess parameter has been set:@ thus creating
rigid keyframe queries where any time deformation between the keyframegmohibited. In
comparison to the corresponding diagrams in the rst two rows of Figur8, 3rfany relevant
documents were missed due to the denial of temporal deformations, sired mss parts of the
database can be explained by the rigid queries. However, often, thmnegraits still contain true
positives which might be motions that were executed at the same speed asthe~@pr example,
nearly all jumping jack motions (query ID17) are missed when setting thaess to 10, but the
remaining hits are all true positives. This suggests that most of these jumpinm{ations have
been performed with varying speed in the HDMO05 motion database. By strftan query ID12
(jump on the right foot), only one relevant hit has been masked out in aisopao the original
keyframe query. Here, the actors seem to have performed the motiontimea canstant speed.
As a third example, consider query ID28. Again, the majority of the hits is mia$eh denying
any temporal deformation.

A further experiment shows the ect of varying the stiness parameter. Figure 3.15 (a) shows
precision-recall diagrams for query ID59 with modi ed stiess values. Some false positives
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Figure 3.14. Precision-recall diagrams of some queries of Fidure]3.1&aswe modi ed the stiness
valuesto  1.0.

occur when setting 0, which are eliminated when using higher stess values. For  0:6,

the precision-recall diagram is the same as the one with manually determinadsstivalues.

A further raise of the stiness results in a loss of some relevant documents. A similar behavior
is demonstrated for query ID60 in Figure 3.15 (b) and query ID61 in EIi@uE5 (c). Again, no

di erenceinthe 0:6-diagram can be noticed in comparison to the manually optimized query
sti ness values. However, the sizes of the reduced search spacesthrdimes for the ranking
steps are smaller for queries ID59, ID60 and ID61 than for the0:6-modi ed queries.

3.7 Conclusions

In this chapter, we introduced a novel algorithm for keyframe-based muligmretrieval which
can be used to drastically cut down the search space. In contrastvioysr@pproaches, our
index-based algorithm can cope with signi cant temporal deformations witresorting to com-
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Figure 3.15. Precision-recall diagrams fda) queries ID59(b) ID60, and(c) ID61, whereas the manually
determined stiness values have been modi ed to the speci ed values.

putationally expensive techniques such as dynamic time warping. To prqwedscability, we
applied our algorithm within a two-stage motion retrieval scenario, where tloapndatabase is
pre- Itered in the rst stage using the described search algorithm. As itetdrout, the tempo-

ral exibility introduced by our sti ness concept is necessary to avoid a large number of false

negatives in the pre- Itering step. In our experiments, we showed thatthéime of our algo-
rithm scales well with the number of frames in the database. In particularetfeakne-based
search takes only a couple of milliseconds for a database comprising 3% dfomocap data.
In this chapter, the keyframes were generated in a semi-automatic prdcebe. next chapter,
we will develop an algorithm for automatically learning keyframes from argset of example

motions, where the keyframe-based search will be executed repeasealisud-component. The

high e ciency of our keyframe-based search is one major reason why the rupftiimelearning
algorithm is kept within acceptable bounds.
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Chapter 4

A Genetic Algorithm for Learning
Keyframes

As shown in the previous chapter, carefully selected and designechkeyfueries can lead to a
successful and ecient retrieval. When designing keyframes, the following consideratioosld
be taken into account. On the one hand, since the keyframes are used asitstraints in a query,
they should generalize well to avoid a large number of false negatives ipttieval step. On the
other hand, the keyframes must have a high discriminatory power to yielé#wed pruning and
data reduction capability. As the main contribution of this chapter, we dedwileharacteristic
keyframe queries can be learned automatically from positive and negatweple motions using
a randomized genetic algorithm. Generally, such algorithms are populatsetlagtimization
techniques to nd approximate solutions to optimization probl¢Rahiheim, 199R This chapter
is based on the publicatidMller et al, 2009 and extends ideas frofiM{iller et al,, 200§. One
drawback of the approach described iiilMr et al. [200d is the modeling of temporal exibility
in the query, which is dependent on the chosen feature function. Ifioomulation based on
keyframes and admissible temporal deformations between them, a morelgeoded that is
invariant to the chosen feature function is obtained. Furtheer@inces arise from the choice of
our more general model and include changes in the initialization, the recaimbiaad mutation
steps of the genetic algorithm. Note that our work is fundamentallgreint to keyframe selection
methods likdAssaet al, 2004, where keyframes as used for visual summaries are computed. In
contrast to our approach, such methods do not consider in how takeyframes might be useful
for discriminating motions in a retrieval scenario.

Based on the general paradigm of evolutionary algoritffR@hlheim, 1998 we describe our
keyframe learning algorithm in the subsequent sections. We rst shewwemodel a population
and its individuals (Section 4.1). Then, we describe how we model the quaalitpess of an

individual (Sectioi4.2). After that, we show how we generate an initiaufatjon (Sectiof 4]3)
and discuss the main algorithm with its genetic operations (Seciidon 4.4). Finalldegcribe
our experiments (Sectidn 4.5). For further experiments in the retrievaéxiprwe also refer
to Chaptei b where keyframes learned with the algorithm described in thidechare used to
assist an MT-based annotation procedure.

37
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4.1 Modeling Individuals

A populationconsists of a set ahdividualsthat represent candidate solutions for the optimization
problem. In our scenario, an individual is represented by a keyfrarag/q

Ind = (V;d%: (4.1)

In the following, we describe how we compute such candidate solutionsdrest of example
motions. Recall the case of motion templates, where a set of positive examplesiotiovas
used to compute a representation of a motion cfassn addition toT *, we assume a set of
negative example motioris that discriminate the clagsto other motion classes. Then, the goal
is to generate a keyframe query;d) yielding characteristic constraints shared by all motions
belonging toC but not by motions from other classes. In other words, a keyframelsedth
(V;d) conducted on the set

T =T%[T 4.2)
should return exactly the motions containedih.

For the sake of clarity in the following notation, we slightly modify the represemtaf keyframes

in comparison to the representation as introduced in Chapter 3. Insteaglwitly reverting

to keyframe distanced and sti ness parameters, we implicitly represent these values by the
minimal and maximal admissible distances between keyframes

d%= ("™ d"®); 1215 (dRM AR)) - (4.3)
with
8k2[1:K 1]:(d"dM™) 2N N; dM  drex: (4.4)

Note that as carried out also in the functionsee Equatior (3.11), one can easily map from the
representation\(; d) to (V;d° by

g =d  dee (4.5)
g ! d “ if x>0
gra=3 o S kTR 4.6
SRS it =0, (4.6)
fork2[1: K 1]. The inverse map fromM;d% to (V;d) directly follows by
g q
Min_, max H max .
=5 A if d", 1 4.7)
-0 if d=1;
ore
~ min max i max .
de=5 g d if d™, 13 (4.8)
-1 if 4" =1

fork 2 [1 : K 1]. Note that because of the rounding operations in Equationk (4.5)a@)4 (
(c]k; “k) might not be equal tak; ). However, they are compatible in the sense that the same val-
uesdlznin andd,"* are computed fromdg; “) and @, «) by means of Equation5(4.5) aid (4.6),
respectively.

To simplify notation, we do not explicitly distinguish between both representatitien it is clear
from the context which representation is used.



4.2. FITNESS FUNCTION 39

4.2 Fitness Function

We measure the quality or thimess of an individual in terms of precision and recall by evalu-
ating the individual on the example motions. More preciselyH€éInd) T denote the mocap
documents retrieved by the keyframe query Ind. Then, we de ne poed¥Ind) through

_JH(nd)\T ¥j
P(Ind) := A (nd) (4.9)
and recalR(Ind) through
. +
R(Ind) := %: (4.10)

Intuitively, the precision function measures the accuracy of a queahating the fraction of
relevant among the retrieved documents. On the contrary, the recdibinconstitutes a measure

of completeness, indicating how many of the relevant documents are acetaigyved. Having
both P(Ind) = 1 andR(Ind) = 1 describes the ideal query for which only the relevant documents
are retrieved. In general, however, such queries are hard to design

We now de ne a tness value Fi{Ind) to an individual Ind with respect to a weighting parameter
. To this end, we make use of the weighted F-measure of Equéfidn (4.9)madidh [(4.10) by

. _ 1+ 2 (P(Ind) R(Ind)).
Fit (Ind) := -~ P Rind) (4.11)

Typically, keyframes will be used to cut down the search space using,our keyframe-based
algorithm described in Chaptglr 3. The resulting search space will thendbgzad in a further

re nement step, see Chapfdr 5 for an example in the context of automatetatian of mocap
documents. In such a scenario, we want to avoid that hits are alrealdyleddy the keyframe-
based preprocessinge., we want to avoid false negative hits. We permit false negative hits even
if it possibly comes at the expense of having less precision, meaning thaiaweto tolerate
more false positive results. The main reason is that we assume that the ¢emediiced search
space will be processed further by a more re ned analysis, wher falsitive results can still be
eliminated. Therefore, we stress the recall value in our tness functiselting = 2.

4.3 Initialization

For the start of the optimization, we generate an initial populatibeonsisting ofM individuals.
To this end, we rst compute a quantized motion tempbét2 f0; 1; g N from T * for a motion
classC, see Sectioh 2.3. Intuitively speaking, we then pick a small number of colénmmsX
as a keyframe query. Here, we refer to tif&column of X by X(:;n), n 2 [1 : N]. Following
our strategy of trying to avoid false negative results, we use a strictigatian threshold = 0
to compute the quantized motion template. This reveals also the slightest incariss&mong
the relational features of the training motions. As a consequence, elthrcoorresponds to a
keyframe which is guaranteed to have at least one match in each of thegrmaiations. In other
words, choosing one column from the motion template quantized witld will guarantee perfect
recall on the training motion§ given suitable keyframe distances
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Algorithm 2 Initialization of an Individual

Input: X 20;1; gf N: quantized motion template
N (a; b): normally distributed random number generator with
meana and standard deviatidm
U (a; b): uniformly distributed random number generator that
generates numbers in the interva) ]

Output: (V;d): Individual modeled by a keyframe query

K max(Z2N (3;2)

P  Krandomly selected frames from the range NJ:

sort(P)

fork 1toKdo . Initialize keyframes
Vi X(; P(k)

end for

fork 1toK 1do . Initialize admissible temporal variations

Pk+1) P(k

dnin  max(Q = round(= U (0;2)))
dnax =+ round(= U (0;2))

: end for

e
= o

Remember that a motion templaXereveals the consistent aspects of the example motions and
expresses characteristic properties of the das$iowever, using the columns of directly as
keyframes does not account for the negative training examplé@s in As a consequence, the
precision values of such keyframe queries might be comparatively low.idea is to use the
motion template only for the initialization followed by a successive re nement @kgyframes,

as summarized by Algorithid 2. To this end, for each of Mhénitial individuals we rst choose

a natural numbeK based on a normally distributed random number generator with a mean of
3 and a standard deviation of 2 (Lihé 1). The numKecorresponds to the initial number of
keyframes in the individual. We xed the parameters of the random numdreergtor by virtue

of our experience with manually designed keyframe queries as evalua®thjstef B. Here, we
found that using 8 keyframes on average yielded good retrieval results, see alsd Tdble@e

that our general strategy is to avoid false negative results. Thus,testightly lower mean of

3 (instead of setting:8 as the mean), since using less keyframes leads to higher recall values in
general.

After choosingK, we de ne the keyframe query/( d). First, we randomly pickk columns of

based on the distances of the chosen keyframes admitting some randondn thlesance, see
Lines[7 td 11.

4.4 Genetic Operations

After the initialization, the three genetic operations referred teedsction recombination and
mutation are used to iteratively breed a new population from a given populationt Bge
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Figure 4.1. (a) Two parents are combined to generate asming. (b): The o spring is mutated by
either addingemoving a keyframétop), generalizingspecializing a keyframémiddle), or by changing
the admissible keyframe distandg®ttom).
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()
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g 2 N, denote the current population. Then, using the concept of univetsehastic sam-
pling [Baker, 198}, we selectr individuals from 9, which are referred to asarents In the
recombination step, the keyframes of any two of these parents are conbidedve new indi-
viduals, referred to ae springs To this end, we randomly choose a number of keyframes of
each of the two parents and merge these keyframes to form a singlerkeyd§exjuence, see Fig-
ure[4.1 (a). The new distance parametkere determined similarly to the initialization step. To
avoid an early convergence of the optimization procedure towards dguabpptimum, additional
modi cations to the o springs are applied by suitable random operations referred to as mutations
see Figuré4]1 (b). In our case, anspring is mutated by randomly choosing and applying one of
the following operations:

Add or remove a randomly chosen keyframe.

Specializei¢ e., change to 0 or 1) or generalize.(e., change a value 0 or 1 t9 a randomly
chosen keyframe.

Randomly increase and decrease the valués in

After the recombination and mutation steps, we obf&'gql—) 0 springs. We arrange thd indi-

viduals of ¢ and ther('—zl) 0 springs in a sorted list with decreasing tness. Finally, the new
population 9*! is obtained by picking thé/ ttest individuals from this list. This entire pro-

individual of € is the solution of the optimization procedure, see Algorithm 3 for an overview o
the keyframe learning algorithm.

In our implementation the population size is setMo= 50, the number of parents to= 5,

and the number of generations@= 100. The exact values of these parameters, which have
been determined experimentally, are not of crucial importance for theremllt. However, as
typical for evolutionary algorithms, derent runs of the overall procedure may result in signi cant
di erences between the keyframes of the various solutions. Therefwreaéh motion class,
we run the overall genetic algorithm several times (in our experiments Q0QiHes) and then
generate an individual with keyframes that most frequently occur in thii@as. To this end, we
accumulate the resulting keyframes of each run of the genetic algorithm ail-ealeed matrix,
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Algorithm 3 Genetic Algorithm for Learning a Keyframe Query

Input: T *: positive training motions

T . negative training motions

M: number of individuals in a population.

G: number of generations

r: number of individuals to select as parents
Output:  ©: population of generatio®

1: form 1toMdo . Initialize population !

2: L(m) is generated with Algorithrial 2 (pagel40).

3: end for

4:forg 1ltoGdo . loop over all generations of the population
5 for m 1to size( 9)do . loop over all individuals of one generation
6 Ind (V;d)= 9(m) S

7 Obtain hits by querying =T* ~ T with Ind using Algorithnil (page24)

8 Each document it with at least one hit is regarded as a retrieved document.

9 Evaluate Fif(Ind), see Equatiori (4.11).

10: end for

11: 9  TheM ttest individuals of 9. . Keep the population at a constant size
12: Selectr individuals in 9 using stochastic universal sampling.

13: Creater(r—zl) 0 springs by recombining any two parents.

14: For each ogpring, mutate it using a randomly chosen mutation operation.

15: g+l 9~ fall mutated o springsg

16: end for

Vi V2

15 (Omin;1; dmax1)

Figure 4.2. (a) After adding up the results of 300 runs of the genetic atbarj frequently occurring
keyframes stand oufb): The most frequently occurring keyframes are extracted.

whereas we represent the wildcard character with the vatyes@e Figure4]2 (a). Here, columns
with white and black regions correspond to frequently occurring keydsa Using this matrix
representation, we then extract the most frequently occurring key$,esee Figurg 412 (b), and
optimized using a similar strategy as with the genetic algorithm.
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4.5 Experiments

We implemented the learning algorithm in Matlab while passing time critical parts tostites
implemented in @C++. The computations were performed on an AMD Athlon X2 500dGith
3:5 GB of RAM.

In our experiments, we used the described algorithm to generate keyfnaenies for a set of

P = 69 motion classe€p, p 2 [1 : P]. To this end, we took the motion classes as indicated
in Table[3.2, and added additional classes. With the additional classesciudeid motions like
throwSittingHigh and throwSittingLow, as well as throwStandingHigh and tBtewvdingLow.
These motions are very similar to each other despite from the height of this,haspectively,
and therefore pose a challenging test for generating keyframes. oMoreve incorporate mo-
tions that are di cult to distinguish even for a human observer. For example, we included the
classes grabFloorR and grabHighR. Notably, the onlyedince to the already existing classes
depositFloorR and depositHighR (classes 4 and 5 in Table 3.2), is the asd phthe motion
where the actor grabs or deposits a small object, respectively. Additipnalincluded motion
classes which describe grabbing and depositing motions of an object #lve stt medium and
low height, respectively.

We assembled a training database of 24 minutes length in total (42586 fravhed),consists of
nine example motions for each motion class, serving @,srespectively. These example motions
were manually cut out from documents of the HDMO5 mocap databagter et al, 2007. In a

rst step, the relational features, which are needed for learning the mtaiaplates as well as the
keyframe queries, are computed and stored for the entire training exaftgiesy 137 seconds
for the 24 minutes of data). From the features, we computed the quantissdddion templates
using an iterative warping and averaging algorithm (see Sdctibn 2.3)y¢duk roughly 3 seconds
on average for each MT. To learn the keyframe queries, we also regdive example motions
for each class. Here, we simply de rig, to be the union of all example motions that do not
belong to the clas€p:

T, = TS (4.12)
g2[1:P]np

Applying the genetic operations in an iterative fashion leads to signi cantasgnents in the
discriminatory power of the keyframes. As illustration we refer to Figurka&).8/ich shows the
discriminatory power of the learned keyframes over the iterations in termgeof@e precision,
recall, and tness (using Fi} on the training data. Here, averages are taken over the individuals
of a population and over all motion classes. In particular, note that thit vatiges on the training

set stay relatively stable at a high level around, Ivhereas the precision values quickly rise to
values above 8.

Further, we show how the queries generalize by means of additional ndocapnents serving
as a veri cation set. Similar to the training set, we select on averageadtlitional motions per
class, comprising 37 minutes of mocap data, or 66 749 frames. The camd@sg performance
of the learned keyframe keyframe queries is illustrated in Figure 4.3 (bde that although the
overall performance on the veri cation set is lower than the performamctine training set, the
tness also on the veri cation set always increases with the number ofiibermand stable values
around 075 are reached.
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Performance on training data Performance on veri cation data
b) 1

(a) *
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Figure 4.3. Average precision (black), recall (red), and tness (gjeehthe learned keyframe queries
evaluated orfa) the training data an¢b) on the veri cation data as a function of the number of itevas
used in the genetic algorithm.
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Figure 4.4. Histogram of sti ness values in the automatically learned queries.

Remember that for the initialization of the keyframe queries, we pick columns érquantized
MT. Using a quantization threshold = 0 (being very strict to variations in the training data),
this quantized MT typically contains many wildcard characters. On the on#, iz so-chosen
gueries have a recall close to one on the training data, but on the othérthardiscriminative
power against other classes is low, yielding a small precision value. Vée this strategy to steer
the generated keyframe queries to a high recall with the goal to avoid fedseive hits already in
the keyframe-based search. During the iterations, keyframe quegies aed and tuned towards
a higher tness. As summarized in Figure 4.3, a strong increase in the ipredé&ads to the
improvement in the tness of the queries, at cost of a small decreasedh.rec

In order to visualize in how far temporal variations are taken into accouhieitearned queries,
we computed the histogram of the stess values occurring in all 57 queries, see Figuie 4.4. More
than 87% of the stiness values occur in the range of stéss values up ta:®, which shows that
temporal exibility is needed in order to achieve a high recall. In compariscthéomanually
de ned queries, see Figufe 3]13, more siéss values occur in the highly exible range around

= 0:25. One main reason for this behavior is that a decrease in theest often leads to
an increase in the recall on the training set which is preferred in the Iggatgorithm. Overall,
despite of the low stiness values, the automatically learned keyframes are well suited to cut down
the search space as explained in Chdgter 5. In the annotation scenavidlitba described, we
report a 15-fold speedup of the procedure when keyframes aggaset down the search space.

As for the run times of the learning procedure, using the genetic algorithmthétiparameters
as speci ed in Sectioh 414, it took roughly 10 seconds on average to é&ekeyframe query for
a given motion class. Since we run the overall genetic algorithm several (k6s500 times)
to derive more characteristic keyframes, run time increases by a conaisg factor. The run
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times are mainly determined by the operation that computes the tness of an unalividere, one
needs to perform a keyframe-based retrieval on the 24-minute trainiagatse. On average, the
retrieval took roughly 3 milliseconds for one query. This retrieval opanehas to be performed
several thousand times for each run of the genetic algorithm. Thus, ttiercy of the keyframe-
based search algorithm as described in Chapter 3 constitutes one of theeaafms why we are
able to reach acceptable run times for the presented genetic keyframadeslgorithm.
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Chapter 5

Automated Annotation

This chapter is based on the publicatidfiiller et al, 2009. As a main contribution of this thesis,
we describe a novel MT-based annotation procedure that is usedn@stgnd label an unstruc-
tured mocap document on the basis of a given set of motion classes. dfeassigned label
corresponds to the motion class that best explains the respective motimoergedglo solve this
challenging task, several components described in the preceding shagpégact with a novel
annotation procedure introduced in this chapter. In a preprocessipgksigrames are learned
using the genetic algorithm described in Chapter 4 and motion templates aratgendien, in

the annotation procedure, we rst prune the unknown mocap docunsamg the fast keyframe-
based search algorithm described in Chdgter 3. Hereafter, the ndviehbkd annotation strategy

is conducted only on a small subset of the document. Unlike previous worlgnnotation pro-
cedure shows a high degree of robustness to large numericaietices that may exists between
semantically related motions €., motions that belong to the same motion class). By employing a
keyframe-based search, we eently narrow down the set of candidate motions related to a spe-
ci ¢ motion class and also improve the annotation quality by eliminating false positatehes,

as shown in our experiments.

The remainder of this chapter is organized as follows. After giving a lmtebduction (Sec-
tion[5.1), we describe our novel MT-based annotation procedurdi¢8€2). Then, we show
how e ciency and precision can be signi cantly improved by employing a keyfrhased pre-
selection step (Sectidn 5.3). In Sectlonl5.4, we demonstrate the practicabitity oferall an-
notation procedure by describing various experiments conducted anrfasgap databases. Our
conclusions are given in Sectibn b.5.

5.1 Introduction

In this chapter, we present a system for automatically anclently annotating large unstructured
collections of mocap data. Given an unknown mocap document, the anndtelooonsists of
segmenting the document into logical units and then classifying each segroerdiag to a given
set of motion classes. Note that the problemoafally annotating unknown motion data on the
subsegment level is a much harder task tpkbally comparing and classifying motion data on
the document level. In our annotation scenario, we assume that each niasisiscspeci ed by a

a7
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set of semantically related example motions which re ect the range of spatipetal variations
appearing in valid motion realizations. As motion class representation, we testbe concept
of motion template$MTs) as introduced by Miler et al. [200d, see also Sectidn 2.3 for a short
introduction. Such templates capture common as well as varying aspectsiofidying training
motions in an explicit and semantically interpretable matrix representation.

Most related to our work, Arikaet al. [2009 propose a semi-automatic annotation procedure,
where a user is required to annotate only a small portion of the databaseis&hs annotations
are then generalized to the entire database in a framewise fashion usingl&88vlers. Our an-
notation approach diers from their approach in various ways. Firstly, our annotation strasegy
segment-based instead of frame-based, thus resulting in semantically moiaghdainits. Sec-
ondly, using concepts such as relational features and dynamic time waspirgpproach is more
robust to spatial and temporal variations than the one by Arétaal. [2003, where normalized
joint positions and xed temporal windows are used. Finally, our strategylsarn the necessary
class representations (motion templates, keyframes) only once prior tottizé aenotation step.
Based on these representations, the annotation can then be perforsned siently on large and
arbitrary sets of mocap documents.

5.2 Annotation Procedure

As basis for our annotation procedure, we introduce a distance furtb&meveals all motion
subsegments of an unknown mocap docunigrassociated with a given motion cla€s Let

X 2 f0;1; g" N be the quantized class MT 6fof lengthN andY 2 f0; 1g ' the feature matrix of

D of lengthL. We rst de ne a cost measure® for comparing the'" columnX(n) of X and the
“thcolumnY() of Y, n2[1: N],~ 2[1: L]. Let X(n); denote thé™" entry of then™ column ofX.
Now, for all columnan 2 [1 : NJ, we de ne the indices of the rows that do not contain a wildcard
character as follows:

I(n):=fi2[1:f]j XN, o; (5.1)

Then, ifjl(n)j > 0, we set
X

Qn Y= _—
R TC /I

Xi YCijs (5.2)

otherwise we set®(n;*) = 0. In other wordscQ(n; ") only accounts for the consistent entries

of X with X(n); 2 fO; 1lgand leaves the other entries unconsidered. Note that the wildcard entries

in a motion template represent admissible variations of a motion class which we igntire

distance measure by employih(n). Based on this cost measure, we de ne a distance function
‘[1:L]! R[flg betweenX andY using dynamic time warping (DTW):

w1 ) BN
C):= N arz?lln] DTW X; Y(@: ") ; (5.3)
whereY(a : *) denotes the subsequenceYos$tarting at indexa and ending at index 2 [1 : L].
Furthermore, DTWX; Y(a: ")) denotes the DTW distance betweémandY(a : *) with respect to

the cost measure®. To avoid degenerations in the DTW alignment, we use the modi ed step size
condition with step sizes (2), (1; 2), and (21) (instead of the classical step sizes)}1 (0, 1), and
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Figure 5.1. (a)Distance functions based on the quantized class MT “sitDownFldb) Corresponding
modi ed distance function for = 0:13.

(1;1)). Note that the distance functioncan be computed eciently using dynamic programming.
For details on DTW and the distance function we refdMailler, 2007.

The interpretation of is as follows: a small value (°) for some™ 2 [1 : L] indicates that
the subsequence &f starting at framea: (with a= 2 [1 : "] denoting the minimizing index
in Equation [(5.B)) and ending at framds similar to the class MTX. Here, the starting frame
indexa can be recovered by a simple backtracking within the DTW procedurethir avords,
looking for all local minima in below a suitable quality threshold> 0 one can identify all
subsegments dd closely correlating to the clasd As example, Figure 5.1 (a) shows a distance
function based on the quantized MT for the class “sitDownFloor'. Notettiwat are two local
minima having a value close to zero that reveal the two “sitDownFloor' sufisets contained in
the mocap document.

Recall that a local minimum () close to zero only indicates tlemd frameof a subsegment dd

corresponding to the clags We now modify the distance function in such a way thihframes

n 2 [a : "] of the subsegment are distinguished by assigning to them the same distdumnee v
(). Furthermore, with the distance function we only want to consider thasees that closely

correlate toC. To this end, we use the quality threshold 0 and iteratively de ne a modi ed

distance function

C :[1:L]! R[flg : (5.4)

First, we set (") =1 forall" 2[1:L]. Then, iterating over all local minima2 [1 : L] of
below ,we dene (n)forn2[a : °]to be the minimum of the hitherto de ned value (n)
and (n), see Figuré5l1 (b).

The basic idea of our annotation procedure is to locally compare a mocameat with the
various class motion templates and then to annotate all frames within a suitable mgtioense
with the label of the motion class that best explains the segmentD et an unknown mocap
document of length. and letCy;:::Cp be the motion classes used for the annotation, where
p 2 [1 : P] denotes the label of clags,. In our procedure, we compute a modi ed distance
function , for each clas€y, as described above. We then minimize the resulting functions over
all class label® 2 [1 : P] to obtain a single function™" : [1: L] ! R[flg :
mingy -— H Y.

()= oin, p(); (5.5)
* 2 [1: L]. Furthermore, we store for each frame the minimizing ingeX [1 : P] yielding a
function 29:[1:L]! [0: P]de ned by:

¥9C) = argmin ,(); (5.6)
p2[1:P]
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values larger than = 0:13. Time is sampled at 30 HZb) Red blocks: Resulting annotations induced
by @9 Black blocks: Ground truth annotationéc) Result after extending (b)(d) Modi ed distance
functions using keyframes as preprocessing gEpAnnotation result using keyframes.
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Class ID class description

C neutral stand in a neutral position, hands lowered

C tpose stand in t-pose, hands horizontally extended
Cs move 2 steps (starting left or right, walk, jog, run;)

Csy turn turn around left or right

Cs sitLieDown  sit down on chair or oor, kneel, lie down on oor
Cs standUp stand up from chair or oor

C; hopOneLeg jump with left or right leg

Cs jump jump with both feet, jumping jack

Co kick kick to front or side with left or right leg

Cio punch punch to front or side with left or right hand

Ci1 rotateArms  rotate both or single arms front or back

Ci2 throwR throw an item with right hand, sitting or standing
Cis grabDepR grab or deposit with right arm high, middle, low
Cua cartwheeel  cartwheel with left or right hand starting

Cis exercise elbow to knee, skier, squat

Table 5.1. Description of the 15 motion classes used in our experimda#eh class comprises various
subclasses.

where 29(")is setto 0incase™"(’) = 1 (and to the smallest class label number to break a tie).
In principle, the function 29 yields the annotation of the mocap documénby means of the
class labelg 2 [1 : P]. Here, a value 0 means that the corresponding frame is left unannotated

For a rstillustrative example, we use thie= 15 classes indicated by Talle]5.1, see Se€tion 5.4
for a detailed discussion. Figure b.2 (a) shows the resulting 15 modi ed distiamctions b

with = 0:13in a color-coded form for a given mocap documBnof lengthL = 2800 frames
(93 seconds). The resulting annotations are shown in Figure 5.2 (bje wWieecolor red corre-
sponds to the automatically generated annotations induce@®snd the color black corresponds
to manually generated ground-truth annotations. For a further discuasibevaluation of our an-
notation results, we refer to Section]s.4.

In the following, a maximal run of consecutive frames annotated by the sdmlddaeferred to as
segment. Note that our procedure cuts the documaénto disjoint segments, where some of these
may be very short. For example, the “standUp' annotation segment aftaune 1500 comprises
only 13 frames ( =3 0f a second). This is due to the fact that the beginning of the actual Wpand
motion (actor is sitting) is annotated as “sitLieDown'. This makes sense sinbegimning of the
“standUp' motion semantically overlaps with the end of the previous “sitLieDovation, where
the actor sits down. To enable overlapping annotations and semantically gfedusegments

(i. e, segments that represent a complete motion of the corresponding cladajtiver extend the
annotated segments as follows. Suppose that the frames with indicgls gt 2 [1: L]; s t,
have been annotated with the class Igb&l[1 : P]:

8 2[s:t]: ¥()=p: (5.7)

Then, letr  sbe the minimal index such that, is monotonously increasing (or constant) on the
interval [r : s|. Similarly, letu t be the maximal index such thay, is monotonously decreasing
(or constant) on the interval [ u]. Then all frames with indices in the interval { u] will also be
annotated witlp, see Figuré 512 (c).
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5.3 Keyframe-based Preselection

As indicated by Figure 5l 2 (c), our annotation procedure as explain&d sway yield a number
of false positive annotations. For example, the motion class “grabDepirhwonsists of right
hand grabbing and depositing motions, causes a number of confusionetiagthclasses. The
reason is that grabbing and depositing motions are short motions andgosbefew character-
istic aspects—basically, the right hand is moving and nothing else happercirsstent way.
This leads to a rather unspeci ¢ class MT, which yields small distance vatuesany motion
fragments that are actually part of other motion classes (note the overatlistance values in
the “grabDepR' row of Figure 5.2 (a) despite of the absence of such msdtido cope with this
problem, we propose to integrate an additional keyframe-based pesging step. For example,
for the class "grabDepR' one may use a few keyframes enforcing thiaféet do not move while
the right hand moves to the front (before grabbing) and is then pullek (adter grabbing). By
employing such additional keyframe constraints, we can eliminate a large noffakse positive
annotations and, additionally, signi cantly speed up the annotation proeedu

Recall that in our annotation procedure we want to assign class labelsittkkaown mocap doc-
umentD. In a preprocessing step, we learn the characteristic keyframe q(épes,) for each
motion class from positive and negative example motions as described in Chapter A, 03irg
the keyframe-based search algorithm as described in ChHdpter 3, wmeteatrmotion segments
from D that are relevant with respect t¥ (; dp). Finally, the distance function is computed
on the relevant segments only (setting the valug tfor the irrelevant frames). The resulting re-
duction is illustrated by comparing Figure b.2 (d) with Figurd 5.2 (a): the additiwhite regions
in (d) correspond to irrelevant information masked out by the keyfraraecke The annotations
obtained from (d) are shown in Figure 5.2 (e). Note that the keyframeebpreselection has
several bene ts. Firstly, using additional constraints allows us to eliminatey rfzdse positive
annotations. Furthermore, the index-based retrieval step is ideally suited down the search
space to relevant subsegments, thus signi cantly speeding up and diigsteziucing memory
requirements in the subsequent steps. For details on the keyframeskasell algorithm we refer
to Chaptef B. The eect of the keyframe-based preprocessing step on the annotation quality a
performance is discussed in Section 5.4.

5.4 Experiments

We implemented the annotation algorithm irafldb while passing time critical parts to subrou-
tines implemented in LC++. The computations were performed on an AMD Athlon X2 5600
with 3:5 GB of RAM. For our experiments, we assembled an evaluation datasgistog of
109 mocap documents having an average length of 40 seconds eadbtalength amounts to
roughly 74 minutes (133019 frames at 30 Hz). To illustrate the scalabilityradimuotation proce-
dure, we used mocap data from two drent sources: 60 minutes where drawn from the HDMO05
databaséM{ller et al, 2007 and 14 minutes from the CMU databd&VU, 2003. We manu-
ally annotated all 109 documents on the subsegment level according to tiassbs described
in Table[5.1. These classes were assembled with respect to the actiarsgerfn the HDM05
motion database. To illustrate the practicability of our annotation procedengsed various kinds
of classes including rather general motion classes such as ‘'move', pemialized classes such
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as ‘cartwheel', and rather uncharacteristic classes such as "griabDtere, the more general
classes are assembled from various subclasses. For instance, fenend subclasses (sit down on
a chair, sit down on the oor, kneel, lie down on the oor) contribute to thess “sitLieDown'. To
obtain the annotations on the class level, one can simply combine the annotatitiessoibclass
level. At this point, we emphasize that the particular choice of the motion clessesof crucial
importance. The choice was driven by the availability of the mocap data aondrypotivation
to give a comprehensive demonstration of the algorithms' performanea (avthe presence of
more critical classes such as “grabDepR'). The concepts presentad ohapter are generic in
the sense that the underlying set of motion classes may easily be extendedi@d to satisfy a
user's speci ¢ needs.

Prior to the actual annotation step, we learned the motion templates and keyfrares for each

of the classe€p, p 2 [1 : P], see Chapterl2 and Chapiér 4 for an introduction to motion templates
and a description of the keyframe learning algorithm. Having completed tipeqmessing step,
our annotation procedure facilitates elent annotatation of arbitrary and large sets of unknown
mocap documents according to the given set of motion classes (or sulesetsthTo automat-
ically annotate our evaluation database (109 documents, total length of 7#es)inue proceed
as follows. First, we extract the relational features and index the mocapramts using a stan-
dard inverted le index{MUller et al, 2009. In our implementation, the feature extraction takes
roughly 250 seconds, whereas the indexing takes 4 seconds. Usipgridg MT-based anno-
tation procedure as described in Secfion 5.2, it took 305 seconds to #nthaa 09 documents
(here, the index structure is not needed). Applying the keyframedig@asselection (Sectidn 5.3),
the run time of the overall annotation procedure decreased to 20 seemmoignting to a 15-fold
speed-up. Here, processing a single keyframe query on the 74-miraitetian database takes
on average only 4 milliseconds (using the index structure), which is negligdstgpared to the
MT-based annotation step.

The keyframe-based preselection step not only yields a signi cantdsipeaf the overall annota-
tion procedure, but also has a considerable impact on the nal annotatadity. First of all, false
positive annotations can be eliminated. As an example, consider the fai§gepasnotations
in Figure 5.2 (c) for the class "grabDepR'. After integrating the keyfrdmagsed preselection, most
of these false positives could be eliminated, see Figuie 5.2 (e). As an adflliene t, false neg-
ative annotations have been corrected by the keyframe-based ptiesebes well. Consider the
missing missing “standUp' annotation (frames 2250 to 2300 in Figufe 5.2¥h)$. annotation
appears in the nal annotation because the corresponding frames isitthewn' class have been
masked out by the keyframe search. A similar consideration leads to tlempessf the previously
missing “neutral' annotation, frame 2500, where the false positive "tamotation prevented the
“neutral' annotation from being found.

The observed escts are armed by our quantitative experiments. Here, we evaluated various
variants of our annotation procedure. To this end, we compared the didaltlgayenerated anno-
tations with manually generated ground truth annotations by means of twoedit performance
measures. As rst measure, we consider precision and recall valudsedrame level More
precisely, for a given mocap documdnbf lengthL we de ne the sets

M(D) := f('; p)jframe” manually annotated with clagg and (5.8)
A(D) := f('; p)jframe™ automatically annotated with clapg (5.9)

where (; p) 2 [1:L] [1:P]. In other words, the set(D) describes the manually generated
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Figure 5.3. Example annotation result to illustrate our evaluatiorcfions, see the text for an explanation.

or relevantannotations, whereas the §D) describes the automatically generatedeadrieved
annotations produced by our procedure. Then, precision and mdaallr annotation procedure
are expressed by

_ IM(D)\ A(D)j

P1(D) := W and (5.10)
._ IM(D)\ A(D)j.
Ri(D) := —jM(D)j : (5.11)
Furthermore, let
Fy(D) = 2 {DR(D) (5.12)

P1(D) + Ry(D)

be the resulting F-measure. Note tRa{D) = 1 in case of all retrieved annotations being among
the relevant annotations (no “false positives”), whereg®) = 1 in case of all relevant annota-
tions being retrieved. The frame-based performance me&suneay be problematic, since the
beginning and ending of a motion of a speci c class is often ambiguous.Xamnge, consider a
mocap document showing a person who sits down on a chair and remaied f@ea long time.
Then, it is not clear where exactly to set the end frame when manually aimgatiae document
with respect to the class “sitDownChair'. Also certain motion transitions froenatass to another
(e.g, from "'move' to “turn’) can often not be exactly specied. To accotort such ambigui-
ties, we use a second performance measure by considering precidioacafi on thesegment
level Here, we only check for overlaps of a manually annotated motion segmeé @treautomat-
ically generated segment both bearing the same class palME then de ne the segment-based
precisionP,(D), recallRx(D), and F-measurgE,(D) analogously to the frame-based case.

For an illustrative example, we refer to Figurel5.3. Here, the manual drouth annotation
for the class corresponding to the label “classl' consists of the segfintd];[8 : 10]g The
corresponding automatic annotatiorf[is : 3];[6 : 7]g The overall number of annotated frames
amounts tgM(D)j = 10 for the manual annotations aj&(D) = 13j for the automatic ones. In
this example, the evaluation functions result to

P, = fames - 0:46; (5.13)
Ry = £rames = 0:60, (5.14)
P = Fearee= 050, and (5.15)
Ry = Focdmens 067: (5.16)

As also shown by this example, the segment-based measures are mord toleyaaller de-
viations in the annotations than the relatively strict frame-base measuresagithe segment-
based measure might sometimes tolerate also strong misalignments between thé@atahtlae
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PP R F P R PR
without keyframes @8 078 (060 057 091 Q70
with keyframes 069 079 074 078 088 082

total

without keyframes @9 (080 061 061 091 073
with keyframes 070 080 075 080 088 083

HDM

without keyframes @1 075 053 039 090 054
with keyframes 066 074 070 065 091 Q76

CMU

Table 5.2. Various performance measures for our MT-based annotationedure without and with
keyframe-based preselection.

ground truth annotations. Therefore, the actual annotation quality isilbedavell by the range
de ned by the value$1(D) andF»(D).

To compute the performance measures on the entire evaluation databagsaplyeconcatenated
the 109 documents to form a single document and applied the above calcstatisnwhere we
performed our annotation procedure without as well as with the keyfizased preselection step.
The results are shown in Takle 5.2. For example, the precRjorithout using keyframes is
0:48 and increases signi cantly ta@ when using our automatically computed keyframe queries.
At the same time, the recdR; slightly increases from:@8 to Q79. While the increase in preci-
sion is expected when using keyframes, the increase in recall is som&wpesing at rst sight.
Here, one reason is that by eliminating false positives, some of the rekwvaotations that have
previously been “overlayed” by false positive annotations emerge whkig our minimization
strategy, see Equatioh (5.5). This again demonstrates that the keyfesme-preselection step
eliminates a large number of false positive annotations while not loosing ¢or\gelding) rele-
vant annotations. Figufe 5.4 shows some representative examples<argple, note that many
of the false positive annotations from the rather unspeci ¢ class "ggpBDcould be eliminated
across all shown documents using the keyframes. Next, consider tmesegetween frames 50
and 150 in Figure’5l4 (a). Here, the actor shouts out having both haisés in front of the mouth.
As this motion is not related to any of the employed 15 classes, no manual Gomdias been
generated for these frames. Without using keyframes, our automatiedun@cconsiders them
most similar to either a “throwR' or a "grabDepR' motion. Using keyframesaad bonstraints,
these false positives are eliminated. As a consequence, the precisies aaleported below each
sub gure receive a signi cant boost. Next, consider the segment detvirames 800 and 1000
in Figure[5.4 (b). Here, starting with both hands in front of the belly, therasings his arms
sideways into a horizontal position and then lets them drop back to the belly. &igas motion
is repeated four times in a row. As this motion is not related to any of the empldyethdses,
no manual annotation has been generated for these frames. For thidextegeyframe-based
preselection could mask out some false positive "throwR' and “grabDamfbtations, however,
a false "punch’ annotation still remains. In the same document, the desanitezh is followed
by a combined walking and arm rotating motion, indicated by the simultaneous "aravéro-
tateArms' ground truth annotation between frames 1100 and 1400. Noth¢mbtion templates
as well as the keyframes have been trained using full body motions that @@hude the indicated
combined motion. Despite of this, parts of the motion are annotated correctthairttegration
of keyframes still improves the overall annotation quality. As another exafople combined
motion, consider Figule 5.4 (c). Here, the actor conducts a “skiingisgenaotion with the upper
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Figure 5.4. In uence of the use of keyframes on the overall annotaticgulte Left column: annotation
result without keyframes. Right column: correspondingaation result with keyframes.

body and a “jumping jack' motion with the lower body, which is semantically most similtreo
“exercise' motion class. However, the manual annotator considered thiisnnto be too di er-

ent to the indicated motion classes and did not give a ground truth annot&litthraugh even

with included keyframes some false positive annotations remain, the overaltagion quality
improves. As a nal example, consider Figlrel5.4 (d). Here, the integratidkeyframes boosts
the segment-based precision and recall to a nearly perfect resultpasoalsmed by a manual
qualitative inspection.

As expected, the segment-based precision and recall values are thighe¢he frame-based val-
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Figure 5.5. Representative annotation results for two HDM@%),(b)) and two CMU (c),(d)) documents.

ues, see Table §.2. For example, using keyframes, onBxad:78 (opposed td; = 0:69). In
other words, only 22% of the retrieved annotated segments are falsey@®sior the segment-
based recall, one obtaii® = 0:88 (opposed tdR; = 0:79). Here, only 12% of the relevant
annotations are missing. Note that the frame-based performance measugeserally too strict
whereas the segment-based ones are generally too tolerant. So, in sutheagtual perfor-
mance of our overall annotation procedure can be described by the-meaBured-; = 0:74
(being pessimistic) anB, = 0:82 (being optimistic).

As was mentioned above, the HDMO05 mocap data used for training is nofroeshia the evalua-
tion data. However, the various motions corresponding to a speci ¢ @aeg,though performed
by various actors executed with signi cant variations, are still somewbatrolled by general
performance speci cations. We therefore also evaluated our proeesiuCMU documents con-
taining at least some subsegments corresponding to our 15 classesh.Past®ws the various
performance measures separately for the HDMO05 and CMU documerggoBigni cant motion
variations in the CMU data, some of which are not well re ected by the HD&Mabing material,
one has a decline in performance. For example, the F-measures ofevall rocedure for the
CMU data 1 = 0:70,F» = 0:76) are a bit lower than for the HDMO5 datay(= 0:75,F, = 0:83.

Figurel5.5 depicts representative annotation results for both HDMO5 ktdl ddcuments. Here,
Figure[5.5 (a) shows a document containing energetic kicking and punoiotions. In contrast
to the high recall values as reported below the sub guResH 0:9, R, = 1:0), the precision values
seem to fall short®; = 0:54, P, = 0:62) mainly due to false positive annotations in the “move'
class. A manual inspection of this document showed that in fact the act@diwe steps before
each kick in order to gain momentum which gives another twist on the fal$@vpannotations.
Also, the "move' annotations during the punches correspond to foramddoackward motions
with the feet. Finally, we inspected the false positive "‘throwR' motion aroveahés 900 - 1100
which actually contains two punching motions. Note that throwing and punchotgpns share
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Figure 5.6. Impact of the quality threshold on the frame-based (left) and segment-based (right) per-
formance measures (using the annotation procedure witiateg-based preselection). Black: precision.
Red: recall. Green: F-measure.

common similarities. We found that from the mocap data of the false positivaatiomalone
without being able to see whether an actual object has been thrown itanéisohjudge to which
class the motion actually belongs. Thus, in some cases the subjective qualigyarinotations
can be much higher than indicated by the precision and recall values.

An example which contains motions of the class "grabDepR' is shown in HigBi). Although
this class is rather unspeci c, it has been singled out by the annotati@egwoe, yielding very
good precision and recall values on the segment level.

We show a document from the CMU mocap database in Figufe 5.5 (c). Ttisrsmt contains
energetic jumping, kicking, and punching as well as moving and turning motespite of the
di erent style of execution in comparison to the HDMO5 training data, these motwesheen
annotated correctly.

The annotation of a more problematic CMU document is shown in Figuie 5.5Hd)e, the

motion segment around frame 1000 erroneously received the annotatiateArms'. A manual

inspection showed that this segment actually consists of several armsswinmotion type that
is not re ected in the 15 motion classes used for the annotation. Furtheramoexercise motion
(around frame 400) was not annotated. Here, it turned out that the natidomot satisfy the

keyframe constraints learned from HDMO5 data. The performed actemmbe reviewed on our
project homepagéttp://www.mpi-inf.mpg.de/resources/MocapAnnotation where we show
videos along with the manual and automatic annotations of all 109 evaluatiomeots.

In all of the above experiments, we used the quality threshotd 0:13. Actually, the choice

of in uences the quality of the overall annotation result. Note that a small valuepmses a
stronger condition on what to consider similar, thus leading to higher praasid lower recall,
while a large value of has the opposite e&ct. To nd a good trade-oof having high precision as
well as high recall, we computed the various performance measures fredi values of, see
Figure[5.6. Our nal choice of = 0:13 is motivated by the request of having high recall values
possibly at the expense of some additional false positive annotations.

5.5 Conclusions

In this chapter, we presented a robust anctient procedure for annotating large collections of
motion capture documents. Using motion templates, we were able to identify logielaliga mo-
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tions on the subsequence level even in the presence of signi cant imatdir erences in the orig-
inal raw mocap data. Using keyframe queries, we were able temtly prune the search space
and to eliminate false positives. We developed a purely content-basedvoaknehere keyframes
and motion templates were all generated automatically by means of user-supgléay mo-
tions. We reported on various experiments that demonstrated the practicabdity annotation
procedure.

Our concept is generic in the sense that it allows a user to easily adaptatify the annotation
types simply by exchanging the underlying motion classes. Because of Xpdititesemantic
interpretation, even a manual design or tuning of motion templates and kegfrianfieasible

in case no suitable example motions are available. As for future work, wetglapply our
concept for automatically annotating various types of gesture. Fromasuubtations, statistical
models of a person's particular gesture style could be learned in ordegntteesize personalized
gesturegNe et al, 2004. As shown in the subsequent chapter, a procedure for mocap annotatio
can also be used to generate suitable prior knowledge which can theredbéoustabilize and
support human motion tracking.
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Chapter 6

Stabilizing Tracking using Retrieved
Motion Priors

As one main contribution of this thesis, we introduce in this chapter an itera#iveefvork that
makes use of a retrieval and annotation component similar to the one ddsecriBeaptef b in
order to stabilize an algorithm for marker-less motion tracking. This workbeas published
in [Baaket al, 2009. A owchart of our framework is given in Figure 8.1. As one component,
we use an algorithm for makerless motion tracking that estimates the 3D motiomuofankactor
based on image data. The tracking system takes as input a multiview imagasedvideo'),
see Figuré 612, and returns as output mocap data given as a seqti@inoe angles over time
("3D Mocap'). Due to noise, occlusions, and other ambiguities in the imatge tlacking may
fail for parts of the sequence resulting in corrupted poses, see HogBireHowever, in spite of
these errors, the overall rough course or at least parts of the motiomstitde recognized to a
reasonable degree. For example, a local tracking error in the arngdasivalking motion may
still permit an algorithm to recognize the motion class correctly. We use artatioroalgorithm
similar to the one presented in Chajiter 5 to locally assign class labels to thaltBixkeocap data
based on available motion classes ('Database knowledge'). Theseamkslgss labels represent
an increased semantic knowledge about the tracked sequence thaileietskallocating priors
based on the obtained annotation results. For example, after recogniziaifiag cycle in the
tracked sequence, this increase of knowledge can be used to allodaele rior such as “left
foot moves to the front'. The allocated priors are integrated into the tragkingedure as regular-

3D Mocap

Annotation

Tracking

Regularizatio

Priors

Figure 6.1. Iterative motion tracking framework. Based on an automatetbtation of the tracking result,
priors are allocated that regularize the tracking in the iteration step.

Database
knowledge

Allocation

63
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Figure 6.3. Tracking without priors may lead to invalid poses.

ization terms, and the tracking step is repeated to yield an enhanced trasirig iterating such
a procedure, as shown by our experiments with the HumanEVA-1I ben&himgroves the result
signi cantly after few iterations.

The remainder of the chapter is organized as follows. We rst give amnaew about related work
(Sectiori6.11) and summarize the tracking procedure (Secfion 6.2). Aftentbdrie y describe
the retrieval component (Sectibn1.3). Then we explain how to fuse thevadtresults with our
tracking procedure in Sectign 6.4. At the time of publication, such an iteragicking procedure
using retrieved motion priors had not been considered before to theflestknowledge. Besides
stabilization of 3D tracking we also gain an annotation, which bridges the giayebn the low-
level tracked 3D mocap data and the high-level symbolic representatioa ohtterlying actions.
Our experiments are presented in Sedtioh 6.5, before we conclude inr@étio

6.1 Related work

Marker-less motion tracking is an active eld of research in computer visioth graphics,
see[Moeslundet al, 2006;| Poppe, 2010; Sigat al, 2010; Moeslundt al, 2017 for in-depth
reviews of the vast literature. The goal of marker-less mocap is to detethgnmoving and
deforming 3D surface geometry of an actor from image data. Applicatiemsnastly found
in the game and and movie industry, in biomechanics, medicine, and sportsesciein a
tracking scenario, it is common to assume that the input consists of a seqokenuwltiview
images of the performed motion as well as a static surface mesh of the aaidysab,e. g,

obtained via a body laser scanner. Commonly, a skeleton is used to drividettenation
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of the surface geometry, see Figlire]6.4. Since the pose and joint pammetarsually un-
known and have to be estimated from the image data, one typically has to copéiglith
dimensional search spaces (often more than 30 dimensions for a fullrbodgl). In order to
reliably estimate pose parameters, recent approaches s{iGlalast al, 2010a/ Liuet al, 2011,
Stollet al, 2017 either rely on global optimization methods (which are often computationally
expensive and thus prohibitive for real-time applications) or need mangres. To enhance the
stability and reliability of the tracking procedure and to enable tracking also avidw num-

ber of cameras, further sources of information can be integrated into tiemioacking pro-
cess,e. g, by capturing light sourcefBalanet al, 2007l or by using physically-based mod-
els and forces arising from a ground plaigrubakeret al, 2007; Vondralet al,, 200§. An-
other strategy is to reduce the manifold of all virtually possible con guratiths lower-
dimensional subspace. One possibility is to explicitly prevent self-occlasionl to impose
xed joint angle limits as suggested [erdaet al, 2004 Sminchisescu and Triggs, 2008ther
options include to directly learn a mapping from the image or silhouette space &péoe

of pose con gurations/Agarwal and Triggs, 2006; Shakhnaroviehal, 2003, to learn a re-
stricted motion model from training dafdi etal, 201{, or to combine generative an dis-
criminative modeldSalzmann and Urtasun, 2(d10A very popular strategy for restricting the
search space is dimensionality reduction, either by linear or by nonlinegection meth-
ods. In[Sidenbladret al, 2004, the low-dimensional space is obtained via PCA and the mo-
tion patterns in this space are structured in a binary tree[Sminchisescu and Jepson, 2D04
it has been suggested to learn a Gaussian mixture from pose con guatid@imilarly,

in [Urtasunet al,, 2004, a nonlinear projection is employed, in this case via a Gaussian process
model.

A common problem with learning-based approaches is the need of suitahlagrdata that re-
ects the statistics of the expected motions. For instance, if the user knowth&haubject per-
forms a walking pattern, suited training data is selected and integrated in thendgraystem.
Then, the tracking system might fail if the user does not restrict his motionatkinvg. As a
further problem, current probabilistic learning approaches are limited in dbdity to handle
large training sets. Only recently, local regression methods have beposed that allow for
coping with a large number of motion patterns in a tracking scef@imsun and Darrell, 2008
In activity recognition, many approaches rely on 2D descriptors or imalgeusttes, such as
presented idLiu and Shah, 2008; Tran and Sorokin, 2D08n approach that performs simulta-
neous motion tracking and action recognition has been preseni€tiemet al, 2009. Recently,
Gall et al. [2010H presented a tracking approach conceptually related to the one presented
this chapter. Similar to our approach, action-speci c priors are applieddaéguence to be
tracked by means of an annotation scheme. However, instead of runmiagnatation on the
3D tracked mocap data, they use an approach for activity recognitionec2lthmage data. As
a further di erence, in the annotation phase, our approach makes hard decisiethemdn ac-
tion has been detected or not, whereas @akl. [2010 compute and use action probabilities
in a particle-based approach. According to the probabilities, the partielggsenting candidate
poses, are spread within corresponding learned pose manifolds atithites in order to stabilize
the tracking procedure. Using the action probabilities with action-specisepuanifolds seems
to be advantageous at rst sight with respect to hard decisions, sitee dnnotations might not
have a strong eect on the tracking result. However, in the approach of &gédl. [2010H, pose
manifolds have to be created for all actions that occur in the sequenceracked, and actions
that have not been learned may lead to tracking errors. As we will showriexperiments, we
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(@) (b)

Figure 6.4. Model of the actor(a): Skeletal kinematic chair(b): Rigged mesh(c): Mesh in a new pose.

do not need prior knowledge for all actions present in the trackingesemy since our annotation
procedure does not assign priors to unknown actions. Moreovesumgly priors on a logical
level like “foot moves to the front'. Such logical priors generalize wellaoiations in actor size
and motion styles. For example, both a small person with a staggering oiirghgait as well
as a large person with a normal gait will follow the same logical pattern ofnmsting one foot
and then the other foot to the front. Such logical priors stand in contrasirterical priors on the
distribution of joint angles as supplied in Gatlal. [20104.

6.2 Tracking Procedure

The input of our tracking procedure is a data stream of multi-view imagedsitma from a set

of calibrated and temporally synchronized cameras) as well as a sunfesie of the subject to
be tracked (obtained by a body laser scanner). We further assuntbdlratesh is rigged so that
all mesh points are associated in a xed way to the joints of an underlying kiectzin, see

Figure[6.4. Then, the tracking problem consists of computing the contigur@arameters (joint

angles as well as root orientation and translation) of the kinematic chaintfrergiven image

data. Here, the surface mesh should be transformed with the con guraiameters in such a
way that the projection of the mesh covers the observed subject in the imagesurately as
possible.

In the remainder of this section, we brie y summarize the tracking procedsed in our frame-
work. After describing the kinematic chain model for the human skeletonti(®€6.2.1), we
summarize how we estimate its pose parameters based on image constrainta[S2&)o Then,
in Sectior 6.2.13, we show how such image constraints are obtained.

6.2.1 Kinematic Chains

The subject to be tracked is modeled by a so-caliegmatic chain which is generally used
to model a exibly linked rigid body such as a human skelef@negleret al, 2004, see Fig-
ure[6.4 (a) for an example. In the following, we use homogeneous cabedino represent 3D
points and exponential functions of twists to represent rigid body motiohs.cdn guration of
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a kinematic chain can then be described by a consecutive evaluation afestjab functions of
twists, sedBregleret al, 2004. More precisely, lei 2 R3 be a 3D coordinate of a joint in the
neutral con guration (standard pose) of the kinematic chain.X.et 1 be the respective homo-
geneous coordinate and de neas the associated projection witfX) = x. Furthermore, let be
arigid body motion, which can be represented asexp( ") with atwist” and 2 R. The overall
con guration of the kinematic chain is speci ed by a rigid body motior exp( ) encoding the
root orientation and translation as well as a sequence exp(Al B e = exp( n n) of rigid

kinematic chain. Thus, the con guration of a xed kinematic chain is speciogdthe following
(6 + n) free parameters:

=(; ) with = ( ) (6.1)
In other words, the con guration parameter vectoconsists of the 6 degrees of freedom for the
rigid body motion and the joint angle vector, see alsdRosenhahet al, 20084. Now, for
a given pointx on the kinematic chain, we deng (x) f 1;:::;ngto be the ordered set that
encodes the joint transformationsexting x. Then, for a given con guration parameter vector

=(; ),the pointxis transformed accogt(jing to

Y =exp( ) exp(j )X: (6.2)
23 (%

6.2.2 Pose Estimation

In our setup, the vector is unknown and has to be determined from the image data. In the
following, instead of regarding points on the kinematic chain, we use pointseosurface mesh.

As the mesh is rigged, the mesh points are directly associated to a joint. Gigeofe88® surface
mesh pointsg, i 2 |, we assume for the moment that one knows corresponding 2D coordinates
of these points within a given image, and we refer to Se¢tion6.2.3 for aipigserof how such
correspondences can be obtained. Furthermore, we repres@rn2@gmint as a reconstructed
projection ray given in 3D Ricker formL; = (n;m), see alsdMurrayet al, 1994. For pose
estimation, the basic idea is to apply the (unknown) rigid body motions on 3D peiatgording

to and to claim incidence with the reconstructed projection rays. Due to theiegof Plicker

lines, this incidence can be express$d as

exp()  exp(j X n m=o0 (6-3)
j23 (%)
To simultaneously account for the incidences of all poiqts 2 |, one minimizes the following

term in a least-squares sense:
X Y

- - 2
argmin exp( ) explj )X nmoom 5 (6.4)

i j23 (x)
To solve for the unknown parameters in the exponential functions, werilbeeaach function
by using the rst two elements of the respective Taylor series: ejyp( 1+ . This leads

to three linear equations with 6 n unknowns for each exponential function. In case of many
correspondences €., in case there are many mesh poirtsvith correspondences), one obtains
an over-determined linear system of equations, which can be solved inatbteslpuares sense.
The approximation errors introduced by the linearization step are hangkgollying an iterative
computation scheme, sfigosenhahet al, 20084 for details.



68 CHAPTER 6. STABILIZING TRACKING USING RETRIEVED MOTION PRDRS

Figure 6.5. Example forces (enlarged force vectors, green) acting erctimtour line of the projected
surface mesh.

6.2.3 Region-based Pose Tracking

The pose estimation procedure described in Se€fion]6.2.2 requires kiovespondences be-
tween 2D image points and 3D surface mesh points. In the following, we bdescribe how
one can generate such correspondences from suitable foregrodnoackground statistics de-
rived from the image data. Having correspondences, the soughtpanameters can be com-
puted by solving Equatioi(6.4). In our framework we use the regioréb&rmcking approach
as presented ifiSchmaltzet al, 2007, to which we refer for details. However, alternatively,
one could also use other techniques as presentf8ray et al, 2006; Dambrevillest al, 2008;
Rosenhahet al, 2007h{ Stollet al., 2011).

The concept is to estimate pose parameteygch that the projection of the resulting surface mesh
optimally splits the image into a foreground (subject) and a background tddare, the splitting

is regarded as optimal if suitable image features (color, texture) are maxirnsaigndar in the two
regions with regard to estimated density functions [Sebmaltzet al, 2007. Starting with a rst
estimate , the transformed mesh points(see Equatiori(6l2)) are projected onto image pgints
yielding correspondences in a natural way. One then considers onlysibée image pointg;

that lie on the contour line separating foreground and background, tese points are shifted
inwards or outwards (orthogonal to the contour line) according to fegceors so that the resulting
points, sayy;, better explain the color distributions of the foreground and backgreegidns, see
Figure[6.5. Finally, using the pointg with the corresponding mesh points(obtained from the
transformed mesh poinig) we apply the minimizatior (614) to obtain an improved estimation of
the pose parameters. The entire process is iterated until convergeaf8csmaltzet al, 2007

for details.

6.3 Retrieval Component

In this section, we describe the retrieval component that is used to autoliyaai&sign priors to
a tracked sequence. We use an annotation procedure similar to the cribatksn Chaptell5.
However, we do not integrate a keyframe-based search for twongagérstly, motions to be
tracked with marker-less mocap methods are comparatively short segugingp to a minute in
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Figure 6.6. (a} Marked motion template for motion class "walk2Stepslistafhe feature numbers
correspond to the features usediiiller and Rder, 2008, see also Table 2.1 on pdgd 13. The annotation
for the relational or logical constraint “leftFootOnGraliis indicated by the green rectanglg): Feature
matrix for the subsegment @gya consisting of the rst three walking cycles. The second wadkcycle
(frames 160 to 240) has not been tracked corredity. Feature matrix (b) with allocated priors (green
rectangles)(d): Feature matrix after regularized tracking using the griafr(c).

length. For such sequences, DTW-based retrieval can be perfovitied less than a second and
therefore no additional techniques to speed up the annotation procaduneeded. Secondly,
we want the annotation procedure to be robust to tracking errorsewdey, a foot or a hand
might constantly assume incorrect poses. With hard-constraints comimgkgframes, such
sequences containing tracking errors might be excluded from the ki¢tahdidates if keyframe-
based preprocessing is used.

In the following, we brie y describe the annotation procedure as usedigdmapter. In our
scenario, each motion category is given by a classnsisting of a set of logically related exam-
ple motions. For each class, we rst compute a quantizedX§Tas summarized in Chapter 2,
see Figuré 616 (a) for a resulting template.

Let Cy;:::Cp be the available motion classes, wher@ [1 : P] denotes the class label of class
Cp. Then, given a mocap sequenieof lengthL, the annotation task is to identify all motion
subsegments withiD that belong to one of the classes. To this end, we compute a distance
function ,:= ¢, for each clas€p, see Equatiorl (53) in Chapr 5 on pagk 48, and minimize
the resulting functions over 2 [1 : P] to obtain a single function™" : [1: L] ! R[flg fora
sequence comprising frames:
mingy — H A

()= on, p(") (6.5)
for* 2 [1 : L], see Figuré 617 for an example basedPr 2 motion classes. Furthermore, we
store for each frame the minimizing ind@xX2 [1 : P] yielding a function 29:[1:L]! [1:P]
de ned by:

a9y == argmin ,(): (6.6)
p2[1:P]
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Figure 6.7. Distance function ¢ for Dgya With respect to the clas¢a) ‘walk2StepsLstart’ and
(b) “jog2StepsLstart'(c): Combined distance function™" obtained by minimizing (a) and (b).

The function 29yields an annotation of the mocap sequeBder every frame by means of the
class labelp 21 : P].

6.4 Allocation and Integration of Priors

In this section, we rst explain how to generate suitable motion priors baseainoannotation
of the tracked sequence (Sectlon 6.4.1). Then, we show how two typaoated priors are
integrated into the subsequent tracking iteration as soft constraints (862 and 6.413).

6.4.1 Allocation of Priors

We now explain how to generate suitable motion priors, which can then beasegularize the
tracking process. Recall that a class motion temp¥atexplicitly encodes characteristic motion
aspects (corresponding to blaekite regions) that are typically shared by motions of clasgéve
select some of these aspects by marking suitable entries within the tebiplaibese entries are
also referred to aMT priors. As an example, consider Figure 6.6 (a), where the entries of row
26 between columns 22 and 58 are marked by the green rectangle. Raaxgresses whether
the right foot rests (black, value 0) or assumes a high velocity (whiteevBluSince all entries
have the value 0 within the green rectangle, this MT prior basically exgdlaethe right foot
rests (stays on the ground) during this phase of the motion. Note that thei$ are part of the
database knowledge and do not depend on the sequence to be tracked.

Now, let D be a mocap sequence of lendthobtained from some tracking procedure and let
Y 2 f0;1d ' be the corresponding feature matrix of relational features, see Fighit)6 The
goal is to automatically transfer suitable MT priors to the tracked sequendatatnavhat we
refer to astracking priors Let Cy;:::Cp be the available motion classes with corresponding
motion templatesX, = Xc,, p 2 [1 : P], each equipped with suitable MT priors. We compute
the functions ™" and 249 as described in Sectidn 6.3. Recall that a local minimun[1 : L]
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Figure 6.8. Pose priors are allocated by looking for all subsequenc¥dirat align to the same MXp.

of ™ close to zero indicates the presence of a motion subsegmén(sthrting at a suitable
frame indexas < and ending at frame indey that corresponds to motion clas¥9(") 2 [1 : P].
Now, we x a quality threshold > 0 and look for all essential local minima2 [1 : L] with
min) < . Here,essentiaimeans that we only consider one local minimum within a suitable
temporal window to avoid local minima being too close to each other. Using the Badwé
procedure that yields the distance functignin Sectiori 6.B, we then derive an alignment between
the motion template, with p := 29(") and the feature subsequenceYofanging froma: to ".
Figure[6.6 shows an example, where the alignment is indicated by the retsaMote that such
an alignment establishes temporal correspondences between semargiataly frames and thus
allows us to automatically transfer the MT priors with¥a to corresponding regions withiw,
see Figuré 6]6 (c). These regions, in the following referred toaaking priors are then used for
regularization in the tracking procedure as explained in the following section

As an additional stabilizing factor, we take further advantage of casesvgleveral subsequences
of Y align to the same MX,,. The idea is to us&,, as a kind of mediator to generate additional
priors from the multiply aligned subsequences. We explain this idea by meassaple example
consisting of two subsegments as indicated by Figure 6.8. Here, eachderedées a correspon-
dence & ;") between framex in X, and frame” 2 [1 : L] of Y. In this example, essential local
minima were found for frames 7 and 12 (matching to the subsequencesgé#myinframes 3 to 7
and from 9 to 12). Now, suppose that the green alignment has a costielzero (™"(12) 0).

In practice, such an alignment corresponds to a subsequentéhat does not contain tracking
errors. By contrast, suppose that the subsequence correspdading red alignment contains
some tracking errors resulting in higher alignment cost. Then, the idea i tiheiposes of the
“green subsequence”, referred topmse priorsto stabilize the tracking of the “red subsequence”.
The correspondence of poses between the subsequences is estiaihbstie alignments tX,
see Figuré 6]8. For example, frame 9Yoyields a pose prior for frame 3 of since both frames
are aligned to the rst frame o, (indicated by the dashed arrow line). To put it in simple words,
we rst detect the presence of repetitions withirby means of the MT-based local classi cation
and then generate pose priors from the established correspondences

6.4.2 Integration of Tracking Priors
Tracking priors provide information about certain logical movement biehsnof body parts

within a certain motion context. As an example, we consider the tracking pribrfdlet should
be on the oor at a certain point in time”. We use soft constraints to integraértformation in
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Figure 6.9. Integration of the constrairibot on oor. Points on the sole are pushed onto the oor.

the tracking framework, where the amount of in uence of a prior candsgrolled by a weighting
parameter. In particular, soft constraints are formulated as additionatiegs that are included

in the minimization step depicted in Equatién {6.4). To implement the example trackargair
pointsys;s 2 S |, on the sole of the foot (the plantar) are projected onto the ground plane,
yielding the pointszs. Then, we claim incidence

Vs Zs=0; s2S (6.7)

to push the sole onto the ground plane, see Figure 6.9. Related to this astramt is the
implementation as carried out [Rosenhahet al, 2008H. In their work, the constraint can only
be applied when penetrations of the foot with the ground plane are detédexh extension, in
our work, the constraint also has aneet if the foot is above the ground plane, thus reducing the
e ect of “ ying above the ground plane”.

Using Equation[{6]2) to express by the underlying kinematic chain, we integrate the set of
equations
.Y .
exp( ) exp(j )Xs zs=0;, s2S (6.8)
123 (ys)

into the minimization sted_(6.4). Note that the unknowns are the same as for Eq(@#p aszg
are considered as constants for one frame. In a similar manner it is stoaiggatfl to integrate
motion dynamics like arms swinging forward or backwards.

6.4.3 Integration of Pose Priors

Unlike tracking priorspose priorsdenote that a certain joint angle con gurationat frame™; 2
[1 : L] should also be assumed in frame2 [1 : L] nf1g For example, consider Figuire 6110
where the generated pose prior suggests to také frame "y = 157 for frame , = 310. To
this end, equations similar to Equatidn {6.8) can be integrated into the minimizatio@sA¢ o
regularize the joint angle con guration at framgtowards in the subsequent tracking iteration.

6.5 Experiments

In our experiments, we used the Human EVA-II benchmark daf&sgélet al, 201(. Here, a
surface model, calibrated multiview image sequences of four camerafaaikdround images
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iteration 1
frame 310

initial result
frame 310

prior: initial result
frame 157

Figure 6.10. A well tracked frame (middle) is used as a prior for a framehwiiaicking errors (left). After
the subsequent tracking iteration, the error has beenvessol

are provided. Note that our region-based pose tracking does natmmddpckground subtraction
and therefore the background information is not used in our method. thstearely on the
image data, projection matrices and a mesh model. Due to color similarities ofdonehand
background as well as the sparse number of cameras, tracking is ¢girajemd the results are
likely to be corrupted if no priors are involved. Tracking results (as 3Dkerapositions) can
be uploaded to a server at Brown University for evaluation. As theesemuhas been captured
in parallel with a marker-based tracking systfviton, 2013, an automated script can evaluate
the accuracy of a tracking result in terms of relative errors in millimeters. driHiiman EVA-II
sequencé4, three di erent actions are performed consecutively, lasting féas400 frames at
60 Hz) each. A non-professional actor walks in a circle, jogs in a ciaté, then balances on
each foot. We chose this sequence for several reasons: Firstlypulsialy available benchmark
dataset, which allows us to quantitatively compare to other existing appma&8seondly, the
sequence contains three drent patterns and we want to test whether our system is able to classify
and single out the involved motions correctly (walking and jogging). Thisgatking and jogging
are similar patterns, which allows us to get a good feeling about the sensitivityr approach
in classifying similar patterns. Fourthly, for the balancing part of the secpieve do not have
appropriate database knowledge. This means that the algorithm shoulsisiint a class label in
the annotation stage, so that the tracking is only driven from the image datautvithy priors.
All these aspects can be covered by this sequence.

The database knowledge that is used by the retrieval system is genaratpreprocessing step.
To this end, we assembled a total of 232 short 3D mocap clips, which we ifyaouout from
the freely available HDMO05 mocap databgB#iller et al, 2007 (obtained from a Vicon system).
The mocap clips of an average length df & were categorized int® = 6 di erent motion cate-
gories, which are “walk two steps', jog two steps', and “change fratk to jog', each for starting
with the left and right foot, respectively.
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Figure 6.11. (a) ™" for the initial tracking result. Essential local minima ar@rked by a cyan dot.
(b): Corresponding distance functiong for six MTs shown in a color coded fashion. Values greaten tha
= 0:7 are drawn in white.(c): Allocated tracking priors.(d)-(f): Corresponding plots after the rst

iteration.(g)-(i): Corresponding plots after the fth iteration.
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no additional noise  +40 px image noise
? max ? max

Initial step 79.1 26.2 1659 75.2 282 184.0
Iteration1 51.8 185 1341 65.0 242 1444
lteration3 47.9 128 1058 51.0 155 139.0

Table 6.1.Improvements of the tracking quality over various iteratioAverage errors, standard deviations,
and maximal errors (in millimeters) over all 1257 frameshef sequence are shown.

After extracting the relational features for each example motion at a samplie@ft 60 Hz, we
computed a quantized motion template for each of Rhmotion classes and marked suitable
regions in the quantized MTs as MT priors, see Fidquré 6.6 (a). In oumasice we marked MT
priors corresponding to “leftght foot is on ground’, “lefright foot moves to front', “leftright
hand moves to front', and “léftght elbow is bent'. Note that the set of motion templates along
with the MT priors, which constitutes our database knowledge, is indepentithe sequence to
be tracked and has to be generated only once.

In the initialization step, tracking is performed without using any regularizirgyg The resulting
tracked sequence is then locally classi ed according to the precomputed IMdur experiments,

a quality threshold of = 0:07 used in the allocation step (Section 6.4.1) turned out to be a robust
choice. In Figur€ 6.11 (a), we show the resulting distance functidfh Essential local minima
below are marked by a cyan dot. Note that for the walking part of the benchneapkesce
(frames 1 to 400), ™" assumes lower values than for the jogging part (frames 400 to 800), which
indicates that the walking part contains less tracking errors than the joggihgNote also that for
the balancing part (frames 830 to 1200Y!" is far above revealing a strong dierence to walk-

ing or jogging patterns. The functior'® assigns the essential local minima to appropriate motion
categories, see Figure 6111 (b). Furthermore, each motion subsequodaoced by a local mini-
mum is aligned to the corresponding MT. Based on these local alignment&lsiitecking priors
are allocated for the next iteration, see Fidure16.11 (c). Figuré 6.1(f(dew the corresponding
distance functions and allocated tracking priors after the rst iteratiore Mmima in ™" have
already received a signi cant qualitative boost. Note that the walking syltdere been stabilized
as visible in the lower distance values in Figlre 6.11 (d) during the rst 48thés. Moreover,
many more instances of the jogging motion are detected, see [Figufe 6.11s(@)reault, more
priors could be allocated for the subsequent iteration, Figure 6.11H8.distance functions and
priors after the fth iteration are shown in Figuke 6111(g)—(i). The detestibave received an
additional qualitative boost, and all occurring motions, including the tranditegween walking
and jogging, have been annotated correctly. Furthermore, the occeroé the di erent motion
categories are revealed in a much more distinctive way in the fth iteration, acenin) and (e)

of Figure[6.11. This all indicates a stabilization of the tracking proceduzetbve iterations.

We now discuss the actual improvements in the tracking results achieved Inpwel iterative
approach. Figure 6.12 shows representative poses overlaid with thengraesult (indicated by
the yellow meshes) after the initial step, the rst iteration, the third, and theitihation. As
seen, the initial tracking result contains various serious tracking estaris as a swap of legs
or an incorrect angle in the elbow joint. These errors are corrected wihiriterations. As
also visible, only minor changes can be detected between the third and thieri@tion. We
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Frame 210 Frame 750 Frame 1170

First iteration Initialization

Third iteration

Fifth iteration

Figure 6.12. Improvements obtained by our iterative tracking procedurke frames from left to right
show examples of the walking, jogging, and balancing paanfes 210, 750 and 1170), iterations from
top to bottom show results after the initialization, aftee trst, the third, and the fth iteration. Several
tracking errors (see arms and legs) are corrected.

show further comparisons between tracking results of the initialization andthhigeration in
Figure[6.1B. Here, the poses undergo a substantial qualitative improwehiete that also the
arm tracking error in the balancing part of the sequence (rightmost imagsseen corrected
although we did not assign any priors to this motion class. This can be explasi®llows. In
the initialization, the arm tracking error already appeared in the jogging motampthcedes the
balancing. The tracking procedure could not recover from that amd continued to track the
balancing with a wrong angle in the elbow joint. After a couple of iterations oframework, the
jogging motion has been corrected and the tracking starts the balancing mdtiothevcorrect
arm con guration. With the correct initialization in the beginning of the balagcthe tracking
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Figure 6.13. Example poses with tracking errors after the initializat{top row) and corrected poses after
fth iteration (bottom row).
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Figure 6.14. Framewise tracking error (in millimeters) after the irlidation (red), the rst (blue), and the
third iteration (black).(a): Without image noise(b): With Gaussian noise (40 pixels standard deviation)
added to each frame.

procedure could correctly follow the motion of the actor throughout theplastof the sequence.

As quantitative evaluation, the absolute éience of the 3D joint positions of the tracking result
and the ground truth positions are indicated by Tablk 6.1 and by Higudeh&4e numbers were
obtained by the automated evaluation system supplied by Brown Univé&gslet al., 2010.
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(b) 77

Figure 6.15. Gaussian noise has been added to each image. Pose overtayef300 after the initial
tracking(a) and after the third iteratiofb). During the iterations, several tracking errors (see raght and
both legs) are corrected.

During the iterations, the average error is reduced from 79 mm to 48 mmfaiteiterations,
see Tablé 6]1. The signi cant improvements are also indicated by HigurK#),hich shows
the framewise tracking errors of the initial tracking (red), the rst iteratjblue), and the third
iteration (black).

In another experiment, we added Gaussian noise to each frame suchdhatotor channel of
each pixel is the sum of the true pixel value and a random, Gaussian distriboise value with
standard deviation amounting to 15% of the full range of color values. kample frames af-
ter the initialization and after the third iteration are shown in Fidgurel6.15. Duriadgténations,
the average error dropped from 75mm to 51 mm, see Table 6.1 and Eiddrébh Also, Fig-
ure[6.14 (b) shows the framewise tracking errors during the iteration® tNat due to the image
noise the convergence is slower than in the rst experiment. These resmitsnstrate the stabi-
lizing e ects achieved by our iterative tracking approach. Note that our frarke@guires that a
sequence is tracked several times. Currently, our tracking implementagjoma® 7 s per frame
resulting in 25 h run time for the entire 1257 frames. After tracking all frames, the annotatid
allocation steps require only 15 s in total.

6.6 Conclusions

In this chapter, we introduced an iterative tracking approach that dya#dyintegrates motion
priors retrieved from a database to stabilize tracking. Intuitively, ourigleapursue a combined
bottom-up and top-down strategy in the sense that we start with a rough irati&lrtg which is
then improved by incorporating high-level motion cues. These motion ceesllacated based
on an automated local annotation of the initial tracking result. In addition to sty the
local annotation also equips the tracked sequence with semantic motion cless B means
of the HumanEVA-Il benchmark, we showed that even simple motion priotsteaigni cant
improvements in the tracking.

There are still limitations in our approach. In particular, the presence afigtiracking errors
may lead to a confusion in the local annotation. Misallocated priors may thesewthe tracking
error. As for future work, we plan to develop techniques that can aibpesuch situationse. g, by
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integrating statistical con dence measures for the annotation and by simultsigeconsidering
alternative motion priors.
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Chapter 7

Evaluating Markerless Motion Tracking

In this chapter, we present a novel framework for automatically evalutitenguality of 3D track-
ing results obtained from marker-less motion tracking. In previous aphbesasuitable reference
information for evaluation was generated by means of an additional miaalsed motion capture
system. However, such systems are expensive and restricted to unskadvioreover, the fact that
markers are often visible in the video footage may interfere with the requitsroémarker-less
motion tracking. In contrast to previous approaches for evaluation ser@dditional inertial sen-
sors to generate suitable reference information. Inertial sensorsexygeimsive, easy to operate,
they can be hidden under clothing, and they impose comparatively we#ioadtconstraints
on the overall recording setup with regard to location, recording volume ilumination. On
the downside, acceleration and rate of turn data as directly obtained fichmreertial systems are
very local with respect to the temporal dimension and are therefore iatlgisuited for detecting
the temporal extend of tracking errors. As our main contribution, we stawthacking results
can be analyzed and evaluated on the basis of suitable limb orientations, calnidie derived
from 3D tracking results as well as from inertial sensors xed on thesedimb

This chapter, which is based on our publicat[@aaket al, 2010, is organized as follows. We
rst give a motivation (Sectiof_7]1) and discuss related work (Se¢fioh A®er summarizing
basics on rotations and orientations (Secfioh 7.3), we then describe héaato orientation data
from the tracking result and from the inertial sensors (Sectioh 7.4). W shat the tracking
orientations and inertial orientations cannot be compared immediately. Bepagialcase of the
hand-eye calibration problem as known in robotics, we introduce a rapisnization method
for making this data comparable with only small calibration requirements (SécBynNext, we
present our evaluation framework and report on experiments comtloctihe basis of 24 motion
sequences using a marker-less tracking system in Séction 7.6. Finallisausglthe necessity of
a calibration procedure in Sectibn7.7 and conclude in Secfion 7.8.

7.1 Motivation

Marker-less mocap with the objective to estimate 3D pose information of a huwctan a
from image data is a traditional eld of research in computer visirdenbladret al, 2002;
Bregleret al, 2004;| Broxet al,, 2006; Schmaltet al, 2007;| Vlasicet al, 200§. Even though

81
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Figure 7.1. Raw data is recorded from video cameras and inertial senbotke tracking world, orienta-
tions are obtained by tracking. In the inertial world, otetions are derived from the sensor data.

motion capturing has been an active research eld for more than two dsfadwe, 1980;
Moeslund and Granum, 2001; Moeslueital, 2006 Poppe, 2010; Moeslued al, 2017, recent
tracking procedures still tend to produce many tracking errors. In p&tiovhen dealing with
involved settings like only few cameras, diult lighting conditions, or challenging motion se-
guences, tracking errors are likely to occur.

In the process of developing and improving tracking algorithms, the anaysi®valuation of
tracking results play a crucial role. In practice, the tracking results faee evaluated by manu-
ally inspecting the reconstructed 3D motion sequences or by looking at tkesdices between
the 2D projections of these sequences and the original imagddatascher and Reid, 205
Obviously, such manual evaluations are tedious and prohibitive for tatesets. Furthermore,
depending on the visual cues used for the analysis, such evaluatiaghtotba unreliable, sub-
jective, and problematic in particular when one wants to compare the resutsarent track-
ing approaches. To automate the evaluation process and to make it objewd®eendent 3D
ground truth information is needed in addition to the image sequences. Smliiafew bench-
mark datasets with non-synthetic data suclSagalet al, 2010{ Tenortret al,, 2009 are publicly
available making a fully automated evaluation possible. Such benchmarkidateesgenerated by
running a marker-based optical motion capturing system as a referehich,enables an accurate
estimation of ground truth 3D positions of markers placed on the actor's btmlyever, the high
cost of marker-based mocap systems, inconvenient setup as well as timaring postprocess-
ing of the obtained marker data may be among the reasons why publicly avakaddiemarks are
rare. Also, many of the available marker-based mocap systems are Wléngrdright lighting
conditions and have to be run under low illumination. This is in discrepancy teethérements
of marker-less motion tracking, where one typically requires balancedaght illumination.
Furthermore, marker-based mocap systems typically pose additionalaiotsstm the recording
volume and environmene(g, indoor studios). As an alternative to recording human motions
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Figure 7.2. Snapshots of a tracking result at the given timestamps dféloged sequence. Basis axes of
the limb coordinate systems of the left lower leg are drawrteoextracted from the tracking result (thin
axes, dark colors), and once from an enhanced inertial s@nslol axes, light colors).

with real cameras, rendering software can be used to generate symsimiicealistic images,
yielding a ground truth representation in a natural WwAgarwal and Triggs, 20(J4 However,

such image data as generated from standard rendering packagess ocbkefSoftware, 201p

still looks unrealistic. Moreover, in such video footage, low-level compuitdon methods like
feature detection might bene t from the synthetic data.

As the main contribution of this chapter, we present a novel approacutomatically analyzing
and evaluating 3D tracking results using an inertial sensor-based sistgnerate suitable ref-
erence information. In the following, to clearly distinguish between these tpestpf data, we
speak of theracking worldto refer to data derived from marker-less motion tracking, and we speak
of theinertial world to refer to data derived from an inertial system, see also Figure 7.1ntrasb

to marker-based reference systems, inertial sensors impose conmgdgnaéiak constraints on the
overall recording setup with regard to location, recording volume, and illatioin. Furthermore,
inertial systems are relatively inexpensive as well as easy to operateanthin. On the down-
side, the acceleration and rate of turn data obtained from such inertiafrsyysannot be directly
compared with the tracking result which is given in form of 3D positional d@atpint angles.
There seem to be two obvious ways to make the inertial data (acceleratiomadataf turn data)
comparable with the tracking results (3D positional data, joint angle data}lyi-wne could inte-
grate the inertial data to obtain 3D positional data. This, however, is nctigabsince inertial data

is prone to noise leading to very poor positional data when being intedrBtetget al, 2004.
Secondly, one could derentiate the 3D positional data of the tracking result to obtain velocities
and accelerations. Such data, however, is very local in nature witkeaegpthe temporal di-
mension. For example, local deviations in only few frames on the acceletatielhmay lead to
long-lasting signi cant deviations on the positional level. This makes the atialu process, as
also shown by our experiments, very susceptible to short-time artifactsravahted outliers.

In this chapter, we introduce a novel inertial sensor-based evaluasiorefvork, where we use
orientation data as a common mid-level representation. The idea is as follovise tracking
world, one obtains for each frame the estimated pose parameters of théy/ungd8D model of
the human actor. From this information, one can easily derive the 3D orientstiertain limbs
(e. g, the lower legs), which we refer to dsacking orientations On the other hand, we use
inertial sensors rigidly attached to some of the actor's limbs, from which weatso derive 3D
orientations of the respective sensors referred ineial orientations Now, in case of marker-
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less motion tracking as well as the inertial measurement having workedcctgrithe derived
tracking orientations and inertial orientations should agree. Howevea@sas tracking errors
occur, the two types of orientations should exhibit signi cantetiences, which can be easily
captured. This fact is illustrated by Figurel7.2. As a central result pteden this chapter, we
show that measuring the distance between the two types of limb orientationsyisiltple and
robust method for detecting the occurrence as well as the duration kiftgeerrors. In contrast to
using velocities and accelerations, our orientation-based approawtufzaty suits this purpose
since typical tracking errors stem from miscon gurations of certain limbséhact the tracking
result over an entire period of time rather than occurring at certain iretapictime. Standard
error metrics are based on Euclidean distances between positions of joimskers which re ect
positional errors fairly well. However, orientation errors, in particularasisnated rotations of
cylindrical limbs, can lead to small deviations in the Euclidean distance metricedver, these
tracking errors are dicult to spot from visual cues. By contrast, our evaluation approacfate
twists of rotationally symmetric body parts by an orientation-based distance m&srig further
contribution, we introduce a robust calibration scheme that enables thoe clirparison of the
inertial and the tracking world.

7.2 Related Work

In this chapter, we show how data obtained from inertial sensors caedakta detect tracking
errors. A natural complementary approach is to investigate how such alataecused to stabi-
lize tracking. Such approaches have been investigated in PonseMaill[201d, where we use
orientation data obtained from a small set of inertial sensors attached toteéreeatremities in
order to stabilize a local optimization-based marker-less motion tracking agprin a followup
work, Pons-Mollet al. [2011] use a similar setup of inertial sensors in a much more challenging
outdoor tracking scenario, where we integrate inertial sensor data irticl@dter-based track-
ing framework. Within this framework, pose candidates are sampled direotly the space of
inertial sensor-compatible poses. This space isiently generated by means of analytic inverse
kinematics using the inertial sensor data. To account for uncertainties gettser data, a noise
model that is based on the von Mises-Fisher distribution is employed.

To the best of our knowledge, this is the rst approach for evaluatinderdess tracking using in-
ertial sensors. However, there are several papers that deal wihttheation of the 3D position of
a camera. In this context, inertial sensors attached attached to the caemesaa@to stabilize the
estimates of the position. Works in this eld have in common that the relatigebbetween both
systems has to be obtained as a sub-task. Starting with works in rofiticsand Ahmad, 19809;
Park and Martin, 1994; Daniilidis, 1999; Strobl and Hirzinger, 40@6is task has also been ap-
proached in the vision communitg, g, [Seoet al, 2009. Also, Hol et al. [200¢ identi es the
task with the gray-box problem in the area of system identi cation. Applicasioenarios in-
clude the estimation of an set between a robot's end ector and a visual sensor attached to
it [Shiuand Ahmad, 1989; Strobl and Hirzinger, 2D0& between an inertial sensor and a cam-
era[Hol et al, 2008; Secet al, 2009. Analytically, both scenarios can be described byttaed-
eye calibrationequationAX = XB, to which we relate our work in Sectién ¥.5.

For activity recognition, Kunze and Lukowi§200§ evaluate how sensor displacement on a cer-
tain body limb in uences recognition performance. They propose a heufis improving detec-
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Figure 7.3. A global right-handed orthonormal coordinate systéfraRd a local right-handed orthonormal
coordinate system‘related by a rotation.

tion results when the exact sensor position on the limb is not known. Receatly, Torreet al.

from Carnegie Mellon University made a multi-modal activity database pubheiable that also
contains inertial datéde la Torreet al, 200§. In biomedics, Dejnabadit al. [200€ use inertial
sensors xed on a lower leg to reconstruct the one-dimensional kngle anthe sagittal plane.
They compare the reconstructed angles with ground truth angles computesihly a reference
ultrasonic motion measurement system. To study biomechanical propertisgloboactivities,
GPS information can be combined with inertial send@®dieet al, 200§]. Using a combina-
tion of inertial, magnetometer and GPS information, Fok#004 shows that accurate position
estimates for pedestrians can be obtained. By fusing the data modalities,nzoartoestimated
even if GPS information is not available. However, as the authors repemrtposed techniques
using so-called zero velocity updates are not applicable to sensors mamtgher limbs than

the feet. Tacet al.[2007 reconstruct the motion of an arm model using inertial sensors. Slyper
and Hodgingd200d retrieve motions from a database using few inertial sensor signals to obtain a
full body motion. Using only inertial and magnetic sensors, Roetengsieat) [2004 show that a

full body motion can be reconstructed. Having many sensors in a custommuaidure suit, a
plausible motion model in everyday surroundings can be reconstr[Mlasic et al, 2007. For
home entertainment, inertial sensors have been used actively in the yeaesitfor example, in

the Nintendo Wii game consol®intendo, 201P User interfaces based on such sensors have
been studied. g, in [Shiratori and Hodgins, 2008

7.3 Basics

Suppose a xed global coordinate systetf fhat is represented by a right-handed orthonormal
basis (like all coordinate systems in this thesis). Furthermore, supposal @dacdinate system
F- that moves for a static observer iff FThe relative orientation of'Fwith respect to £ can be
modeled as a rotation, see Figlrel 7.3. Given the basis vectorg'X and 2 2 R® 1 of F- in
coordinates of &, the rotation is de ned by a rotation matriby

R= X-;Yh:Zb (7.1)

In the following, we represent a rotation (or orientation) by a unit lengthtemionq 2
R* kgk. = 1, which is a more compact representation than rotation matrice§Gsassia, 1998;
Shoemake, 1945 The composition of two rotations representecibyandg, is then given as the
compositionq, q,. Furthermore, the inverse rotation @fs given by the quaternion conjugate
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. Letdguar: R* R*! R denote the following distance function:

360 D E
dquafg,;0,) = — arccos q;;4q, 2; (7.2)

which expresses the angle in degrees between the rotations de ned), band q,,
see[Huynh, 2009 for a proof. We use the notation

FA —> B (7.3)

to describe a transformation of coordinate syst&hso F& using the rotation de ned by. For
time dependent quantities we append a discrete frame injl@nd assume that co-occurring
quantities are subject to the same sampling rate.

7.4 Obtaining Two Types of Orientation Data

We now describe how to obtain orientation data in the inertial as well as in thartgaworld.

In the inertial world, as described ifHaradaet al, 2007, an orientation estimation device can
be used to measure its orientation in a static global coordinate sytem (X©;Y®;Z%). In

this coordinate system, thé*Zaxis points to the negative gravity direction, th& Xlirection is

the orthogonalized direction of the magnetic North, arfti ¥ chosen to form an orthonormal
right-handed basis. Measurements of accelerometers, gyroscogesneagnetic eld sensor, as
described in AppendixJA, are fused in a Kalman lter method, which providtésfree estimates

of the sensor's orientatiog (t). This orientation maps from the sensor's local coordinate system
FY to F®, see Figuré 7]4. We refer tp(t) with the terminertial orientation In our experiments,

we use an orientation estimation device MTx provided by X§&isens, 201p

In thetracking world a global coordinate systeR?" is de ned by camera calibration. Tracking
results are typically given by a mesh-based surface representatieneigr frame in coordinates
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of FCT. To obtain the orientation of a certain limb in the surface mesh, one needs e de
local coordinate system™ that is rigidly attached to the limb. By selecting three non-collinear
vertices of the limb, an orthonormal basis Bf can be build. To ensure that the coordinate
system is well de ned, one has to claim one-to-one vertex correspoadénoughout the entire
motion sequence. In many cases, tracking results are given as joins afigleskeletal kinematic
chain which drives the animation of the mesh surface. In this case, witlaindto resort

to the vertices of the mesh surface, a local coordinate system for everycéimbe de ned by
forward kinematic§Murray et al, 1994. This way, atracking orientationg’ (t) can be obtained,
see Figuré714.

In order to makeg'(t) and q'(t) comparable, one needs a correspondence between the global
coordinate systems® and FCT as well as between the two local coordinate systétsand

FY. These correspondences, however, are generally not knowa gidbal inertial coordinate
systemF® is de ned by physical quantities, where&S" is de ned by an arbitrary placement

of a calibration cube in the recording volume. Ig&t denote the resulting set, see Figure 7.4.
Furthermore, the local coordinate systeth is de ned by the placement of the sensor on a limb

of the human actor, where&' is de ned either by mesh vertices or by means of a kinematic
chain. Letq" denote the resulting set. The estimation af® andq" is referred to as calibration,
which is a tedious and error-prone task when done manually. Therefai@mated calibration is

an important concern that we deal with in Secfiod 7.5.

7.5 Calibration and Error Measure

In this section, we present a robust andogent solution for the calibration problem, namely how
g~ andq® can be obtained. We show that the described problem is closely relatedtothiment
hand-eye calibratiomask in robotic§Tsai and Lenz, 1988 The orientation' (t) can be described
by two distinct compositions of rotations in the diagram of Figuré 7.4, once veitkimg and once
with inertial orientations:

¢ er 9O er 9 Lo
—=F —F —==F (7.4)

q'(®)

With quaternion algebra, this equality can be expressed as

FLl

qd®=9% q'®) q-: (7.5)

Now, we can express the rotation that is needed to transfbtrat framesto FH at framet. In

Figure[7.4, there are two distinct compositions of rotations, startimgnalf'-' and ending asin
FLI .

. L
eu & a0 por 4 FGI @ FGT q=(s)> e 4 FLI
(7.6)
I (= —_—
q'@ a'(9
Here, tracking orientations in the upper path and inertial orientations in the [matle are used.
The equality of the paths can be expressed with quaternion algebrag tiieeo setq® cancels

out: _ o
g d®=a- q7(9 q'(t) q-: (7.7)
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Substitutingg® := g'(s) g'(t), g8 := qT(s) q'(t), andg® := q-, we get
Q9 9" =9 o : (7.8)

In robotics, a more general equation of the same form, in which homogstremsformations are
used instead of sole rotations, describes the hand-eye calibrationrmradidi@nifold solutions to
this problem have been published, seqy, Strobl and Hirzinget200d and references therein.
Unique solutions can be found as soon as two measuremenfsaridq® are available. How-
ever, in the presence of noise, an approximate solution using many nmeaswsas preferable to
diminish the in uence of measurement errors. Therefore, we suggesetd 2 measurements
based on a calibration tracking result. The solution of
X
arg min kit q¢ of Bk (7.9)
@ n2LN]

yields a best approximate solution under the Euclidean norm. Park and NIE®84 present
an e cient and easy to implement solution for this subproblem of the hand-eyeatalibusing
exponential coordinates, which we adapt for our needs. Denoting#heart of a quaternioq
with q,, and the imaginary part with,,,, the quaternion logarithm is de ned as

log(q) := 2arccosqw)% 2R3 1L: (7.10)
Xz

Intuitively, log(g) extracts a representation for rotations in which the direction ofglpdénotes
the axis and the length denotes the angle of the rotation. Then, we de ne ttie Ma&2 R3 3 as

n = log(@h) (7.11)

n = lgg@n) (7.12)

M = n trans( p); (7.13)
n2[1:N]

where trans() is the transpose of. The solution to Equation_(4.9) as a rotation matrix is given
by
M* := (trans(M) M) = trans(M): (7.14)

To convert M to the quaternionqx, we refer to[Shoemake, 1945 Using this formulation, the
o setg- can be found e ciently from Equation[{7]7). Analogously, one can also regard the dual
equation

q(9 d@® =a¢ a'(s q'() q° (7.15)

to nd a solution for the global osetq®. After alignment, we use a thresholding strategy based
on Equation[(7]5) to detect whether a tracking error in framecurs by evaluating

dguat 9'(®); % q'() g~ > ; (7.16)

where the threshold parametecan be set to trade-dbetween the number of correctly detected
tracking errors and false detections, see Settion|7.6.4.
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Figure 7.5. Cross-correlation error on absolute acceleration datédefiertial and the tracking world
for the sequence used in Figurel7.2. The sharply peaked minineveals the temporal set used to
synchronize the inertial and the tracking data.

7.6 Experiments

In this section, we give an overview of the proposed pipeline for the tieteof tracking errors.
After describing the acquisition of data (Sectlon 7.6.1), we sketch the tqgkimcedure used
for obtaining the tracking orientations (Sectlon 7.6.2), and describe @ibratéon method (Sec-
tion[7.6.3). Finally, we evaluate the proposed framework in detail on a latgset of tracked
motions (Section 7.614).

7.6.1 Data Acquisition

For our experiments, we recorded image sequences using eight cali@natéeemporally synchro-
nized cameras as well as inertial data for ve dient body parts using MTx devices manufactured
by the company Xser[2014. By systematically recording two human actors performing various
actions including motion classes such as walk, sit down, stand up, hop, gampheel, rotate
arms, and throw, we obtained 24 takes with a total length of 14 131 framé&S8@e8onds of data.

We selected dierent body points where we xed the sensors. Firstly, to represaty lrmbs that
are in uenced by a small number of degrees of freedom, we selectedwiee legs as mounting
position. Secondly, to represent body limbs that are in uenced by arlatg®aber of degrees of
freedom, we selected the hands as mounting positions. Thirdly, the ftroseras xed on the
upper torso. This way, we xed the sensors at points correspondidg grent kinematic levels
of the skeleton. Finally, we needed to temporally align the inertial data and tke digta. To
this end, we rst obtained absolute acceleration data from both worlden,Tle used a cross-
correlation method in order to obtain a robust estimate of the temposatdetween both data
streams. Note that absolute acceleration data is invariant to the spatialteatilofeboth systems
and therefore suited to derive a temporaket. However, the acceleration data obtained from the
tracking might be impaired by tracking errors. In our sequences, sakirig errors occurred only
temporally local and thus did not in uence the accuracy of a constant texhposet estimated
over a whole tracked sequence. As an example, Figure 7.5 shows tisecommelation error for
the sequence which is also used in Figuré 7.2. Despite of the strong tramkorgn the leg,
the cross correlation measure reveals the temporakiowith a sharp peak. All data streams
were sampled at 40Hz. For research purposes, we made the wholetgathkcly available
in [Pons-Mollet al., 2009.
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Multiview video Silhouettes Mesh with skeleton Projected mesh

Figure 7.6. Overview of the silhouette-based tracking proced®esenhahet al, 20073. Starting from
multiview video, silhouettes are extracted by chroma kgyiA skeleton-enhanced 3D model of the actor
is then tto the silhouettes based on optimization of joingke parameters as well as the root orientation
and translation.

7.6.2 Tracking

Our framework is thought for evaluating tracking results independernthefspeci c track-

ing method. In our experiments, we exemplarily used a tracking algorithm similar
to [Rosenhahet al, 20073, see Figuré 716. First, we extract silhouettes from captured images
by chroma keying. We generate a surface mesh of the actor using a 3Dsbadner and t

a skeletal kinematic chain to it. Then, the surface deformation of the mesh ieddy joint
angle parameters as well as root orientation and translation of the kinemaitic dbsing a lo-

cal optimization-based approach, pose con guration parameters teniteed to minimize the
distance between the transformed 3D mesh projected back onto the 2D inmaytree asilhou-
ettes. This way, we generated tracking results for all 24 takes, whicth@neevaluated in our
experiments.

7.6.3 Calibration

To compare orientation data from dirent worlds, the global coordinate systensetq® and local

0 setsgs have to be estimated for each of the sensdq1 : 5] as explained in Sectidn 7.5. For
this purpose, we propose a solution using a calibration take. There lgravorequirements for

the calibration take that are easy to meet in practice. Firstly, the orientatidhe tifnbs should

be represented reasonably well by the tracking result. Secondly, tm elstambiguous osets,

the take should contain poses in dient orientations. To this end, we selected a take containing
relatively slow motions which are rather easy to track. Since treebfor the local and global
orientations are constant for each actor, local tracking errors dbavat a signi cant impact on
the nal estimations.

7.6.4 Automatic Evaluation

In our experiments, we resort to a studio setup for the multiview recordiaystracking outdoor
recordings, a more advanced tracking method than the one we used weaelduired. However,
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Figure 7.7. Distance measuréy,, and threshold used to reveal tracking errors in an example tracking
sequence fofa) the left leg andb) the left hand. Using these curves, automatically detecsadtting errors
are marked by red boxes, s@. Manual annotations conducted by two subjects are mark#udgnay and
black boxes, respectively.

our evaluation concepts transfer without modi cation to more advancedtitscenarios. In
particular, inertial sensors do not depend on a studio setup and dieaajgpfor outdoor settings.

To automatically detect tracking errors, we evaluate the distance meadtdcuiation [[7.16) for
every limb and frame. In this equation, the calibratedetsg- andg® are used to make the inertial
orientations as measured by an inertial sensor and the tracking orientatiesimated from the
tracking result comparable. In Figurel7.7, the quaternion distance fasdtio (a) the left leg and
(b) the left hand are drawn. In Figurelr.7 (c), the detected trackingssior the body segments are
marked with red boxes, which we refer toagomatic annotationdn our experiments, we chose
the quality threshold = 45 (dashed line), which turned out to be a suitable tradésetween
error detection capability and robustness. The threshold selection wilkbesded later, see also
Figure[7.12.

Since we aim to assess the quality of our procedure for tracking ertectd®), we asked two
people (hereafter referred to as A1 and A2) of our working group toually annotate each frame

of the tracking results according to tracking errors in the limbs, see Highi(e)7 We refer to these
annotations amanual annotationghe gray and black rectangles show the manual annotations of
Al and A2, respectively. For this task, the annotators were providedtiatioriginal multiview
videos as well as with a tool to view the reconstructed 3D mesh from arbitrampoints. As it
turned out, both annotators did not notice any tracking errors in the tdtsis.is also re ected

by our distance measure, which stays well within a small range df Mean and 7 standard
deviation. Therefore, we only regard the other four sensors in @iuation below.

In Figure[Z.Y (a), high distance values correspond to a tracking erttoe Ieft leg. The correspond-
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Figure 7.8. Left: Calibrated inertial orientation for point in time2s of the example tracking sequence.
Right: Tracking orientation. A tracking error can be detected meadrorientation distances.

(@) (b) ()

Figure 7.9. Tracking error in the left hand for a running motion.

ing motion sequence is also indicated by Figuré 7.2. Here, both annotateed as the automatic
annotations agree. However, we found that the automatic annotatiordpreagenerally marked
more frames as erroneous than the annotators did. For an annotatoe Aeeds to distinguish
between false positives (automatic annotations, where A has not seanRnand false negatives
(A has seen a tracking error, but the automatic annotation proceduretdidtected it). In fact, by
examining the false positives in more detail, we found that they often camedp subtle tracking
errors that are hardly visible when looking at the reconstructed mesingtance, in the example
sequence at:2 s, the procedure has marked a tracking error in the left hand. Eiglish@ws that

the palm faces the actor's hip, represented by the blue axis of the catilimatéial orientation. In

the 3D reconstruction (right), however, the palm faces backwardsnias tracking error can be
observed in Figure7.9. Here, the actress performed a run-on4platien. In the tracking, the
orientation of the hand slowly drifted towards a false orientation which bes@pparent when
looking at the di erences of the inertial and the tracked orientations in Figute 7.9 (b) &nd (c

At this point we emphasize that such a tracking error might appear subtlenamportant, because

it is hardly noticeable in the visual appearance of an untextured 3D mesteudr, when using a
textured mesh in a rendered scene, this kind of orientation error will leatitanted and visually
annoying artifacts. Such an error is not well re ected by previouduaten metrics like the
ones presented ifSigalet al, 2010; Balanet al,, 2004. In these metrics, ground truth marker
trajectories are compared to trajectories extracted from the 3D mesh, suadren error results

in only negligible di erences on the positional level. Yielding similar results, other works evaluate
joint location errors in the 2D image domdinee and Nevatia, 2009With the proposed method
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Figure 7.10.Comparison of automatic (red) and manual annotations (btagk) of (a) cartwheels an¢b)
locomotion.

Figure 7.11.In a cartwheel sequence, both hands show tracking errors.

Al A2
P R P R

Legs 0.65 091 0.64 0.96
Hands 0.36 0.78 0.45 0.69

Table 7.1.Precision and recall values for= 45 .

based on orientation data, however, this error can be revealed.

Figure[7.10 (a) shows the annotations of a take containing cartwheels é&saaple for a false
positive, consider the point in time3s. Both annotators agreed on a tracking error in the actor's
left hand. In Figur€7.11, this error is visible even without the additionakywirinertial orienta-
tions (left) and tracking orientations (right), since the left hand points intavtbeg direction. By
contrast, the tracking error in the right hand is much less visually appandiatt, the orientation

of the whole arm is estimated incorrectly, coming from a miscon guration in tloeilsler joint.
This error is revealed by the orientation error of the endeator in the kinematic chain. Again,
this error could not be captured well with traditional metrics.

To evaluate the accuracy on all takes, we calculated precision and vatsdk, taking each of
the manual annotations as baseline. We separately report on the valtles iands and the legs
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Figure 7.12. Precision (black), recall (red) and F-measure (green) eagations of for (a) legs andb)
hands. Solid and dashed lines represent values belongit amd A2, respectively.

representing two kinematic levels, see Tdble 7.1. For both the legs and tandatomatic anno-
tations show relatively small precision values of arour@b@nd 036, respectively. As discussed
above, the low precision is coming from a large amount of automatically deteatgdng errors
that the annotators did not see. This shows that the manual evaluatioglohgraesults is not
su cientto nd all tracking errors. By contrast, the recall values for the lage quite high, show-
ing that the automatic annotation procedure detected nearly all manually setheteors. The
hands, however, have a lower recall in comparison to the legs. Note thas tmainly due to
the per-frame annotations we pursued. In case of short trackings é¢hat mainly occur in the
tracking results of the hands, small misalignments in the results lead to low rakedby see Fig-
ure[Z.10 (b). Although most of the boxes coming from manual annotatiorsaheertain overlap
with an automatic annotation, the automatic annotations achieve a low recall seignaent-based
rather than frame-based values may be better suited.

As for quantitative evaluations, a combined recording setup with a madssdooptical motion
capture system would have been bene cial. In our setup we did notdhmarker-based reference
system at hand. Derent sources of errors like sensor noise and bias, calibratiors esearsors
getting out of place, or errors due to the approximation of the human bodyawitflyed surface
mesh are thus dicult to quantify. However, our experiments show that the in uence ofallses
of noise are small. For example, the distance measure of the upper tosew eger all 14 131
frames of our evaluation data stays within a small error range with a meardofdiftl a standard
deviation of 77 , and the manual inspection shows that there are no noticeable trackongiarr
the torso region. This observation suggests that the overall noise lies withiamall order of
magnitude. In particular, it follows that the accuracy of the obtained inextiahtations is high
enough for a quantitative evaluation of tracking results. Moreoverepperiments show that the
proposed distance metric is able to cover most of the manually observedhtrackors, which
is supported by high recall values. Finally, a manual inspection showedhindalse positive
detections correspond to tracking errors that werecdit to perceive for the manual annotators.
This supports the statement that our orientation-based distance measeiitesisted for detecting
tracking errors.

To evaluate the in uence of the threshold parametewe computed precision, recall, and F-
measure for variations of, see Figur€ 7.12. Selecting a loweads to a high recall, since many
parts of the evaluated takes are annotated. However, also many pa&tegeohio tracking errors

are annotated, yielding a low precision. Our nal choice of 45 is motivated by the request of
having high recall values without having too many false detections.

As described in Sectidn_4.4, orientation data from the inertial world is obtdigecbmbining
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Figure 7.13.Calibrated inertial data (red) and tracking data (black}le left leg of the example sequence
used in Figuré717 (a)a): Local rate of turn data(b): Local acceleration data. The presence and duration
of tracking errors is di cult to determine from this data.

di erent sensors. These sensors naturally provide 3D acceleratioatarad turn data, as further
explained in Appendik/A. Thus, a method comparing these types of data witsponding data
generated from the tracking world could also reveal tracking errarspractice, however, this
does not work well. In Figure_7.13, we show a comparison of the rate ofdata (a) and the
acceleration data (b) corresponding to the left leg for the example traskipgence also used in
Figure[Z.Y (a). The severe tracking error in the left leg occurred #@s to 66s. During this
period of time, theX- andY-components of the angular velocity show some deviations, and also
in the acceleration some dérences between the inertial and the tracking data can be revealed.
However, on the basis of this data, it is diult to isolate the tracking error from spurious detec-
tions coming from noise in the signals. Three more properties make this kiredaohdt suited for

our task of tracking error detection. Firstly, these quantities are veryitooature with respect to

the temporal dimension. This makes it hard to detect the duration as well asiperte starting

and ending point of an error. Secondly, ltering techniques necgdsadetermine meaningful



96 CHAPTER 7. EVALUATING MARKERLESS MOTION TRACKING

acceleration and rate of turn data may not only suppress the sensobuabisay also smooth out
peaks coming from actual tracking errors. Thirdly, slowly moving limbs geledow amplitudes

in these guantities, which makes it hard, if not infeasible, to detect ewposith motions. With

orientation data, as shown in this chapter, these considerations do ngthhudgielding a robust
procedure for tracking error detection.

7.7 Discussion

As one contribution of this chapter, we described a calibration framewatkithas used to make
orientation data from both worlds comparable. In this section, we motivatethihgalibration
step is important and needs to be performed prior to evaluating distancerggesaisch aggyaton
orientation data from the inertial and the tracking world. To this end, wedeshe a distance
curve quq, @ [1 0 T] 7! [0;360] based on Equatiori (7.1L6), which is parametrized by two
calibration o setsq, andqy;

qa;qb(t) '= dguat ql(t);qb qT(t) Ga - (7.17)

For a given sequence of inertial orientatiari§t) and a sequence of corresponding tracking ori-
entationsg" (t), we can use Equatiofi (7]17) to evaluate thea of wrong calibration osets by
shifting g, and g, away from the true osets. It is tempting to think that a modi cation of the
0 setsg, andq, just leads to a shift in the distance function by a xe® R. If that was true

in general, then we could avoid the calibration by relying on the assumptiomtbsttframes of
the sequence were tracked correctly. In that case, the most freqoeatisring distance value
would represent the correctly tracked frames. Then, the distance canld be shifted by in
order to obtain the correctly calibrated distance curve. However, moditfi@ o sets in Equa-
tion (Z.17) leads to a non-linear distortion of the distance curve due to thdéimearity of the
quaternion multiplication and the arccos function withinsee Equatiori(7]2).

In the following, we will show the eect of missing or wrong calibration sets by means of an
explicit example. To this end, we rst generate a synthetic sequente=0640 unit quaternions
g'(t). Then, to simulate the tracked sequencté), we copyq'(t) and introduce two tracking er-
rors from frames 50 to 200 and from frames 400 to 600 by modifyit(¢g). Now, q'(t) represents
the measured inertial orientations adt) represents the tracked orientations. For these streams
of orientations, the correct ets are both the quaternion identif§. The corresponding ground
truth distance curve is obtained by evaluating.q, see Figuré 7.14 (a). In this curve, the tempo-
ral extend and the magnitude of the errors are correctly representsd.sNppose that only one
0 setis known and the other set is unknown or wrong. This setting is simulated by evaluating
aq, for a xed quaternionq,, see Figuré 7.14 (b). As for the correctly tracked regions, one
can see by comparing with Figure /.14 (a) that the error curves aredshifta certain amount
of degrees. However, in the frames containing tracking errors, two rdegtortions are visible.
Firstly, the magnitude of the tracking errors are no longer representeztty. For example, the
ground truth error in frame 200 is 70In the same frame in Figute 7114 (b), the eience to the
level of correctly tracked frames amounts to only 48econdly, some frames with tracking errors
cannot be distinguished from correctly tracked frames. For examphsjdar the region around
frames 485. Here, the same error 1@8 for the correctly tracked frames is computed, rendering
the detection of a tracking error in these frames impossible. The situatiombeea@ven more in-
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Figure 7.14. A synthetic example for quaternion distance curves withedént calibration osets. The
ground truth distance curve is shown (&) (both calibration osets are correct)(b) and(c) show the
curves when one et and both osets are wrong, respectively.

tricate if both o sets are wrong. We simulate this setting by evaluatig, , see Figur€ 714 (c).
Detecting the tracking errors from this representation seems to be impossible.

However, there is a solution which could circumvent the need for calibrafenall that in practi-

cal scenarios, the two calibration gets to be estimated correspond to the global coordinate system
o setq® between the two global coordinate systems and the locsétg- between the local co-
ordinate systems of the sensor and the bone. In such a scenario, thaticalilior the global

o setq® can be avoided already in the preprocessing step where the camecaditanated. In

this step, the object used for calibrating the cameras can be placed manghlthat the tracking
coordinate syster®" coincides withF®. Once the global oset is known (in the described case,

it is the identity), the local osetsg- can be computed from a tracked frame of a sequence where
the pose of the actor is already estimated. For example, if the rst frame dfabldng is manu-

ally initialized, this frame could be used to obtain thesetg-. While this scenario represents a
practicable way of avoiding the calibration steps, the errors made by maaligityng the camera
calibration object and by manually initializing the tracking in one frame might leadstortions

of the error function. By contrast, our calibration procedure is fully enattic and yields a robust
solution by taking a whole sequence of frames into account for the calibratio

7.8 Conclusions

As a main result of this chapter, we showed that limb orientations constitute hlsuial-level
representation for detecting tracking errors in marker-less motion trackingontrast to con-
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ventional evaluation techniques with marker-based optical systems, the obmertial sensors
provides an unobtrusive and erdable way to generate ground truth data. Furthermore, inertial
sensors impose comparatively weak additional constraints on the owsraidtling setup with re-
gard to location, recording volume, and illumination. We showed that ouregioe can reveal
even subtle orientation mistakes which are hard to detect from a visualkanafythe tracking
result or from previously used evaluation metrics based on positionahiatgon.

Further applications of inertial sensors can be found in sports scied=s marker-based mocap
technology is sometimes dcult to apply. For example, obtaining marker-based mocap data
from an athlete performing trampoline jumps is problematic due to the large regorolume

and self-occlusions during the motions. Moreover, the rapid motions ampddane contacts

can cause optical markers to fall o To make automated motion analysis in such a scenario
possible, Helteret al.[2017] investigate an approach for automated segmentation and annotation
of trampoline jumps using data obtained from inertial sensors.
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Chapter 8

A Hybrid Approach for Reconstructing
Human Motion

The 3D reconstruction of complex human motions from 2D color images const#wieallenging
and sometimes intractable problem. The pose estimation problem becomes rsdrke fe@aen
using streams of 2.5D monocular depth images as provided by a depth cdtoaraver, due to
low resolution of and challenging noise characteristics in depth camera iraagesll as self-
occlusions in the movements, the pose estimation task is still far from being sinupteefmore,
the reconstruction task becomes even more challenging in real-time scendméos the usage of
computationally expensive global optimization strategies is generally nabpemss

In this chapter, we introduce a data-driven hybrid strategy that comlinakpose optimization
with global retrieval techniques to facilitate reconstruction of full-body hammtions from a
single depth image stream. In contrast to there method for stabilizing marker-less motion
tracking presented in Chapfdr 6, we focus in this chapter on online real-tui@rtg. In all steps
including the feature extraction, the retrieval, and the tracking steps, vedogeand implement
e cient algorithms in order to achieve real-time frame rates. In order to alsinabtabust
reconstruction of the performed motions, we combine tracking with retriesfahtques. The nal
pose estimate for each frame is then determined from tracked and retresetypotheses which
are fused using a fast voting scheme. Our algorithm reconstructs cofofiody motions in
real-time and eectively prevents temporal drifting, thus making it suitable for various tiesd-
interaction scenarios.

This chapter is based on the publicatifBaaket al, 20111 and[Baaket al, 2013H. Atter giv-
ing a motivating introduction (Sectign 8.1), we discuss related work (Seéci&)n\®/e then brie y
introduce depth cameras and the basic processing steps of the captiaré8ettiof 813). As main
contribution of this chapter, in Sectign 8.4 we describe in detail therdént steps of our frame-
work for motion reconstruction. Our quantitative and qualitative experimasnteell as limitations
are discussed in Sectibn 8.5, before we conclude in Sectibn 8.6.

IReproduced with kind permission of Springer Science and Busines@aMed
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8.1 Introduction

In recent years, several approaches for marker-less humareptis&tion from multiple video
streams have been preseniBdegleret al, 2004 Balanet al, 2007a| Deutscher and Reid, 2005;
Gall et al, 2009 Stollet al,, 2011. While multi-view tracking already requires solving challeng-
ing non-linear optimization problems, monocular pose estimation puts currémiolegy to its
limits since, with intensity images alone, the problem is underconstréMedslundet al, 2006;
Poppe, 2010; Bo and Sminchisescu, 2010 order to have a chance to reconstruct human move-
ments, non-trivial inference or optimization steps are needed in combinatibrstnong priors.

In general, real-time reconstruction of complex human motions from monoiciéarsity image
sequences can still be considered an open problem.

New depth sensors, such as time-of- ight (ToF) cameras or the MifréSpect sensor, pro-
vide depth images at video frame rates. In such images, each pixel stdeggttavalue in-
stead of a color value. Since this representation of a scene stands sen@dwhthe mid-
dle between a pure 2D color-based representation and full 3D scaeegy, depth im-
ages are also referred to as 2.5D déiémlbetal, 201(. It turns out that with depth
cameras, the 3D reconstruction of human motion from a single viewpointniescanore
feasible [Bleiweisset al,, 2009; Friborget al, 2010; Ganapatret al, 2010;/ Knoopet al., 2009;
Pekelny and Gotsman, 2008; Shottral, 2011;[ Zhuet al, 2008, see also our discussion of
related work in Sectioh 8.2. In this chapter, we present a tracking frarketat yields ro-
bust motion reconstruction from monocular depth image sequences. Worear framework
enables signi cant speed-ups of an order of magnitude compared toahdsé previous ap-
proaches. In fact, we reach similar run time behavior as the algorithm implegnientee Mi-
crosoft Kinect[Shottonet al, 2011, whereas we do not need GPU implementations.

Our procedure follows a hybrid strategy combining generative andiglisative methods, which

is an established paradigm for pose reconstruction and tracking probighike local optimiza-
tion strategiegKnoopet al, 2009 have proven to yield high frame rates, such techniques tend
to fail for fast motions. Algorithms using global optimization techniques proviee reliable
pose estimates, but are typically slow and prohibitive for real-time scenado®us data-driven
approaches have also been suggested to overcome some of theseeisahksg fast yet robust
tracking from intensity image streams, $&kada and Stenger, 2008; Rosales and Scl&t600);
Shakhnarovicket al, 2003; Wang and Popovic, 2009These approaches rely on databases that
densely cover the range of poses to be tracked, and fail on posear¢habt contained in the
database. Moreover, due to the high variability of general human motiastroating such a
database might become intractable. Hybrid strategies that combine gemaratidiscriminative
methods have proven to be a suitable methodology for pose estimation aridgraadcedures,
see Chaptef]6 ofDemirdjianet al, 2005; Ganapatret al, 2010; [Rosales and Sclaro2006;
Salzmann and Urtasun, 2010; Sigakl, 2008 Yeet al, 2017. In these works, the main idea is
to stabilize generative optimization algorithms by a discriminative component basedatabase
lookup or a classi cation scheme. Using this strategy, the risk of getting stulckcal minima is
signi cantly reduced, while time-consuming global optimization methods are aedoid

In our approach, we employ a data-driven hybrid strategy conceptsiatijar to the work of
Demirdjianet al. [2009, where local optimization is combined with global retrieval techniques,
see Figuré_8]1 for an overview. In our scenario, an actor may perfeen complex and fast
motions in a natural environment facing a single depth camera at a reésdistance. Similar to
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Figure 8.1. Overview of our proposed framework for reconstructing masi from depth data. Using
features extracted from the raw depth data, we retrieve @ pgsothesis using a database lookup scheme.
An additional hypothesis is obtained by running a local mptation algorithm that is initialized with the
nal pose of the previous frame. Then, a hypothesis votingdks for the either of the candidates.

Demirdjianet al. [2004, we retrieve a pose hypothesis from a large database of 3D poses using
sparse features extracted from the depth input data. Additionally, @furgipothesis is generated
based on the previously tracked frame. After a local optimization of boththgses, a late-fusion
voting approach combines the hypotheses to yield the nal pose. While gralbprocedure is
inspired by previous workDemirdjianet al, 200%; Ganapattet al, 201(, we introduce a num-
ber of novel techniques which add robustness and signi cantly spgetmputations at various
stages including ecient feature computation, eient database lookup, and eient hypothesis
voting. In our experiments, we also compare our reconstructed motionswiops work using the
publicly available benchmark datag&anapathét al, 201(. We gain signi cant improvements
in accuracy and robustness (even for noisy ToF data and fast motbiie)achieving frame rates
of up to 100 fps (opposed to 4 fps reported[i@anapathet al, 2014).

Contributions. In this chapter, we present a system for full-body motion reconstructam f
monocular depth images that requires only 10 to 16 milliseconds per frametandasd single-
core desktop PC, while being able to track even fast and complex full-badipns. Following

a data-driven hybrid strategy that combines local pose estimation with gkthbialval techniques,
we introduce several technical improvements. Firstly, in the feature &rinastep, we introduce

a variant of Dijkstra's algorithm that allows us to eiently compute a large number of geodesic
extrema. Secondly, in the retrieval step, we employ agient database lookup scheme where
semantic labels of the extrema are not required. Thirdly, we describeeh late-fusion scheme
based on an eciently computable sparse and symmetric distance measure. It is the combina-
tion of all these techniques that avoids computational bottlenecks while prgvisbust tracking
results.
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8.2 Related Work

Intensity-image-based tracking. Monocular 3D human pose reconstruction from intensity im-
ages has become an important research topic. In order to deal with gjeslleoming from
occlusions and missing 3D information, @rent approaches have been pursued making use of
statistical body modelfGuanet al, 2009, physical constraintfWei and Chai, 201)) object in-
teraction[Romeroet al,, 201(, or motion capture datfRosales and Sclarg2004. For exam-

ple, Guanet al. [2009 t a statistical model of human body pose and shape to a single image
using cues such as silhouettes, edges, and smooth shading. In a simil&tasaret al. [2010
present a method for estimating human body pose and shape from singlesiosigg a bi-
linear statistical model. Physics-based constraints are used in Brugiake201d, where a
physically-based modeling of the lower body helps to track walking motioms frmnocular im-
ages. INWei and Chai, 201)) the authors propose to annotate parts of image sequences with 2D
joint positions, bone directions, and environmental contacts. From sundhations and the image
data, they compute physically realistic human motions. As ardint type of constraint, the inter-
action with objects can be exploited as demonstrated in the the work of Retrait201d. Fur-
thermore, some approaches derive a direct mapping from image femtardataset of admissible
poses recorded with a marker-based sysfi@kada and Soatto, 2008; Okada and Stenger,|2008;
Rosales and Sclarg 2000{ Shakhnarovickt al, 2003] Wang and Popovic, 200With such dis-
criminative approaches, poses that are not contained in the databadie ewlt to recover. The
combination of generative and discriminative approaches can yieldtrabdsmooth monocular
motion estimate§Fossateet al, 2010; Rosales and Sclara2006; Salzmann and Urtasun, 2010;
Sigalet al, 2009.

Depth-image-based tracking. 3D human motion reconstruction based on a single depth image
stream has received increasing attention in the last years. While aighttisappears simpler than

its corresponding problem with monocular color images, one still has to diseh@ise in the input
data, low resolution sensors, lack of color information, and occlusidplgmas. Nowadays, com-
mercial packagefBleiweisset al, 2009 or software libraries exist that can compute joint posi-
tions from depth images for multiple people in real time (Microsoft Kinect $BliCrosoft, 2012,
Primesense NITE middlewalPrimesense, 2012 While the algorithm behind the NITE middle-
ware is not revealed to the public, Microsoft published the approachshiaiplemented in the
Kinect SDK in [Shottonet al, 201]. The authors use randomized decision forests trained on a
huge set of various body poses and shapes in order to hypothesizbaitions from features

on the raw depth input data. The approach was recently combined withessemn scheme to
predict joint locations more accuratdi§girshicket al, 2017. Also, positions of occluded joints
can be estimated.

Some approaches ugtobal optimizationmethods to solve the motion reconstruction task. For
example, Friborgt al.[201( use a GPU-accelerated particle lter to t a surface mesh consisting
of rigidly connected generalized cylinders to stereo depth data. Howexar with GPU imple-
mentations, such approaches are often not real-time capable.ld@al®ptimizationstrategies
have also been explored, which are implemented as variants of the itelagesteoints (ICP)
method|Besl and McKay, 1992 For example, Pekelny and Gotsn{200¢ simultaneously track
and reconstruct the shape of limbs through depth images. Kebap[2009 show that a com-
bination of ToF and stereo data enables full-body motion reconstructi@aktime frame rates.
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Also using ICP, Grestt al. [2007 combine depth and silhouette data to track articulated motion
with ten degrees of freedom in real time. Although yielding high frame rate$, smiethods often
fail due to noise and motion blur present in the depth data. In particular vatimfations, local
optimization easily gets stuck in erroneous poses which are hard to réomver

In order to yield a more robust tracking, many approaches stabilize the ogtiomzlgorithms
using additionalprior knowledge For example, Schwaret al. [2014 include a database of
motions as prior knowledge for a particle Iter-based optimization method. Mewemotions
not present in the database cannot be tracked. As a complementarigtecfor stabilization,
many approachedetect features in a bottom-up fashidinectly from the depth input data. Here,
geodesic distances are used in some works in order to detect anatomiciksidradlowing such

a scheme, Ganapatti al. [201d classify geodesic extrema features extracted from depth images
according to the class labels "hand', “foot', and “head'. With thesectiets, the search space
of a particle lter is constrained. Integrating constraints into similar optimizatiohrigpies,
anatomical landmarks are identi ed using feature tracking or heuristidqdzadet al,, 2008;
Lopez-Mendezet al, 2011; Siddiqui and Medioni, 2010 Using object detectors to estimate the
position of the head and the hands, Galkil.[201]] stabilize a local optimization-based algorithm
for tracking the upper body from depth data. Also, constrained inkemsenatics has been used on
anatomical landmarks ifSchwarzet al, 2011 Zhuet al, 201(. In our approach, we also make
use of bottom-up detected features in order to stabilize a local optimizationabprAs for the
feature extraction, we build on the idea of accumulative geodesic exfflagemanret al, 2010
and contribute with an ecient feature computation strategy.

Depth cameras seem to be an ideal type of sensor to facilitate intuitive humamteorimer-
action based on full-body motion input. Therefore, many approaches foe achievingeal-
time performance and try to nd ecient algorithms for the motion reconstruction task. Al-
though e ciency is clearly one of the key aspects to make motion reconstruction apelicab
home use, most approaches with a focus on robustness reach onlgtinéeran times around
10 FPSGanapathet al, 2010; Greset al, 2007; Zhuet al, 201{. Only recently, methods have
been published that perform robust motion reconstruction within just plead milliseconds per
frame[Girshicket al, 2011 Shottoret al, 2011. Such approaches for motion reconstruction are
interesting from a practical point of view since they leave enough CPl¢syree for applica-
tions or games that use the reconstructed motion as input. Exceeding tberzerte of most
published methods, we can report nearly 100 FPS for full body motiamstiction. Apart from
the methodology of combining discriminative and generative models, the key ® aient and
stable motion reconstruction procedure is a compound afient feature computation, ecient
database lookup, and an eient voting strategy.

8.3 Acquisition and Data Preparation

In this section, we rst summarize the concept of depth cameras while xasgdnotation (Sec-
tion[8.3.1). After that, we describe the model of the person to be tracketdd8&.3.2). Our pose
database is introduced in Section 813.3. Finally, we describe how we norrttaiziepth data
(Section 8.3.8). Such a normalization is important in order to facilitateient computations in
the forthcoming steps.
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Figure 8.2. Point cloud obtained by a ToF camdi without and(b) including a method for removing
lens distortion eects. Note the straightening ect on the left edge of the door.

8.3.1 Depth data

Before ToF cameras and the Kinect sensor became popular, stereasameee predominantly
used to obtain depth data in real-time. In order to compute depth values, assivepstereo
systems need to identify corresponding features in the two images capturedra time step.
However, computing and matching such features is computationally expearsivoften fails for
objects without texture or for objects with repeating texture.

Current depth cameras based on active illumination with infrared light onezc¢hese limitations.
Moreover, current ToF cameras are robust to background illuminatidgiald stable distance val-
ues independent of the observed textures. In principle, ToF camapase deptidistance data
at video frame rates by measuring the round trip time of infrared light emitted nitoeaected
from the scene. Several successive measurements have to be matdkr ito @stimate the phase
shift of the infrared light from which the round trip time is deriiiblIb et al, 201(. Moreover,
further measurements are taken over a longer period of time in order toer@dise in the mea-
surements. For static scenes, this process leads to measurements witlthighias in the range
of millimeters. For dynamic scenes with moving objects, however, this proeesead to errors
in the estimation of depth values. Problematic are edges that separate anfrolpjeanother,
more distant object, resulting in strongly corrupted depth measurementsaléstmixed pixels
Furthermore, low resolution, strong random noise and a systematifKaitiset al, 201( lead to
data that is di cult to handle.

A depth camera returns a distance image Z? ! R with Z2 being the pixel domain. Since
the camera also produces an amplitude image in the infrared domain, we usdadtaattern-
based camera calibrati{Matlab, 2012 to recover the camera matrix and parameters for the lens
distortion. To remove lens distortion ects, we apply the method of Heikkila and SilM&997
which yields stable and accurate metric distance values, see [Eiglre 8.2eaample. We do
not calibrate for systematic bias of the camera, since for full-body moticonstiction slight
constant deviations in the measurements do not play an important role. &oera method that
calibrates for systematic bias using an intensity-based approach weorfifardneret al, 2010.
Using the calibration information, we transform the per-pixel distances inteetsic 3D point
cloudM, R® for every input frame of our online motion reconstruction framework, Rige
ure[8.3 (a). We then perform background subtraction using a statiegoreled background model
and delete contour pixels to mitigate the in uence of mixed pixels. Finally, 83nedian lteris
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(b)

Figure 8.3. (a} Original depth point cloud(b): Point cloud after background subtraction and lItering.
Some mixed pixel artifacts remain, seegq, the left leg.

used to reduce noise in the measurements, see Figuire 8.3 (b).

In contrast to a ToF camera, the Microsoft Kinect depth sensor usastae stereo approach.
More speci cally, a camera records an image of a projected structurethlagtern in the infrared
domain. Then, from the recorded pattern, a depth map is derived. irasbto a ToF camera, only
one image is analyzed in every time step. Thus, the Kinect camera is lesptfisa® mixed
pixels in dynamic scenes. However, the data also exhibits signi cant nioiggrticular, artifacts
like holes in the data appear when the projected pattern cannot be resmhgiitoreover, the
coarse depth quantization limits the accuracy in the far eld from the caméreranfor example,
a 25 cm quantization gap occurs at 3 meters distance to the camera. Thet@deslgorithms in
this article have been applied to depth data coming from ToF cameras as dathaoming from
the Microsoft Kinect. Without changing or tuning the proposed algorithnes il pose estimates
with each of the cameras are qualitatively very similar as shown in the {iBmaket al, 20113
accompanying the corresponding paper.

8.3.2 Model of the actor

The body of the actor is modeled as a kinematic ciMurray et al, 1994. We useJ = 20
joints that are connected by rigid bones, where one distinguished joinhisdlas the root of the
kinematic chain, see Figure 8.4 (a). A pose is fully determined by the coatgur of a kinematic
chain speci ed by a pose parameter vectocontaining the position and orientation of the root
joint as well as a set of joint angles. Through forward kinemdiMarray et al, 1994 using

, 3D joint positions represented by a stacked veBtoR R’ ! can be computed. Using linear
blend skinnindLewis et al, 200(, we attach a surface mesh with a set of 1170 vertitego the
kinematic chain to model the deforming body geometry, see Figure 8.4 (b).linittathe body
model to the shape of a speci c actor is beyond the scope of this article.dde#xist to solve
this task using image data and a large database of scanned humaesgsé@panet al, 2009;
Hasleret al, 201(. Recently, Weis®t al. [201]] have shown that the body shape of a person
can be determined using depth images from fouedént views. As shown in our experiments
(Sectiori 8.b), even with a xed body model we can track people for agangi erent body sizes.



108 CHAPTER 8. AHYBRID APPROACH FOR RECONSTRUCTING HUMAN MOTIOD

@)

root

\
o 9
Figure 8.4. (a)Skeletal kinematic chain with a root joinfb) Rigged mesh(c) Highlighted end eectors
(hands, feet, and head).

8.3.3 Pose database

Motion tracking approaches based on local optimization update the modehegars (in our case
the joint angles) by optimizing a speci ed cost function, where convargamly to a near local
minimum can be guaranteed. Although such methods typically run very fagtfaihehen the
initialization is too far away from the actual pose. For such a failure casawthat the algorithm
loses track. This is often the case for fast motions where body parts canfardrom frame to
frame. One strategy to overcome such limitations is to reinitialize the local optimizatien w
the track is lost. In the proposed algorithm, we use global pose estimatesdirom database
knowledge for such reinitializations. To this end, we create a databasevarhfull body poses
obtained with a marker-based motion capture system. The actor performiety wd motions
including hand gestures and foot motions to span a large range efedlit poses. To enable
invariance under global transformations, the obtained posage then normalized according to
the positions of the root joint and the viewing direction. Furthermore, to maxith&eariety and
minimize the number of poses in the database, we select a subset of thderteposes using a
greedy sampling algorithfWang and Popovic, 2009In this algorithm, the distance of two poses
speci ed by ; and »is measured based on the distance of the corresponding joint positions

de( 1, 2) =3 jiP, P, (8.1)

In contrast to Wang and Popo\i2z009, we truncate the sampling as soon as the minimal distance
between all pairs of selected poses reaches a certain threshold. Usingntated sampling, we
obtain roughly 25000 poses in which any two selected poses have aiptss&ddp larger than

1:8 cm. For each selected pose, we then consider eadter positions of the lefight hand, the

The following three reasons motivate the use of eneator positions as features. Firstly, end ef-
fector positions can be eciently estimated for a large set of dirent poses even from depth data
alone, see SeLt 8.4.2. Secondly, for many poses these positions mretetistic, thus yielding a
suitable representation for cutting down the search space. Thirdly, théyddow-dimensional
feature vectors which facilitate the usage ofaéent indexing methods. Thus, endextor posi-
tions constitute a suitable mid-level representation for full-body posesititheamne hand abstract
away most of the details of the noisy input data, yet on the other hand retatigtriminative
power needed to cut down the search space in the pose estimation gpeocedu
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Figure 8.5. Normalization of the geodesic extrema with respect to a adatpviewing direction.

For indexing, we use &d-tree [Cormenet al, 2007 on the 15-dimensional stacked vect@%

since they provide logarithmic search time in the size of the database and hasa dut to be an

e cient search structure for low-dimensional feature vectors. Sincézbhefthe skeletond g,

body height or arm span) varies with drent actors, the pose database has to be adapted to the
actor. While not implemented in the system presented, this task can be salvg@ustargeting
framework. Even without retargeting, by manipulating the depth input pdiniddv , we are

able to track motions of people if body proportions are not too fathe database skeleton, see
Sectior 8.5.

8.3.4 Normalization

In the proposed tracking framework, we allow the actor to move freely withéndhd of view

of the camera, while we restrict variations of the viewing direction to the rafigdout 45
rotation around the vertical axis with respect to the frontal viewing directiecall that in our
database all poses have been normalized with regard to the position obth@mband the view-
ing direction. Thus, in order to query the database in a semantically meanvefuwe need
to cope with variations in global position and orientation of the actor. We norenilliz with
respect to global position by means of a 3D ellipsoid t arouvd using a mean-shift algo-
rithm similar to[Wang and Popovic, 2009To cope with global rotations, one could augment the
database to contain pose representations from several viewing disd@®emirdjianet al., 2005;
Shakhnarovictet al, 2003; Wang and Popovic, 2009In this case, the retrieval time as well as
the risk of obtaining unwanted poses would increase. Instead, in ouefvark, we normalize
the depth input point cloud according to an estimated viewing direction. Torbisiee compute
a least-squares plane t to points corresponding to the torso, which suaresto be the points
that are closer than:06 m to the center d¥1 |, see Figur€ 8]5. The normal of the plane, as indi-
cated by the cyan arrow in Figure B.5, corresponds to the Eigenvectatheifimallest Eigenvalue
of the covariance matrix of the points. The viewing direction is its projection antonagined
horizontal ground plane. We then rotate the positions of the geodesienexaigout the vertical
axis through the center such that the normal of the rotated plane pointanto ffo cope with
frames in which the viewing direction cannot be estimated becaugethe torso is occluded, we
adaptively smooth the estimated directions over time. We detect whether théstocstuded by
inspecting the Eigenvalues of the above mentioned covariance matrix.ddehading body parts
often lead to a stronger curvature in the regarded points (smallest Eigerisaelatively large)
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Figure 8.6. (a) Subset of vertice€ M . (b): From pose (left), correspondences for mesh vertices in
C are estimated (middle). Local optimization using the cgpomdences yields an updated po%ight).

or a less circular t (largest Eigenvalues are not similar). Then, we minithieen uence of the
estimated normal. As a consequence, the detected viewing direction remaiesesten if the
arms occlude the torso or the centedf does not correspond to the torso.

8.4 Motion Reconstruction Framework

As explained in the previous section, in the ioe preprocessing phase, the camera matrix is
obtained and the background model is created. We now describe qasgaonline framework,
see also Figurie 8.1. At a given frarmehe rst steps are to compute the point cloMd from the
distance imagé, to perform background subtraction, to Iter out noise and to normalizerming

to the viewing direction. Let, , be the nal pose estimate of the previous framé. From , ,,
we obtain a pose hypothesig-°OPt by re ning ¢ 1 With a local optimization procedure that
takes the input depth data into account (Sedfion B.4.1). A second posthégis is obtained as
follows. We extract a 15-dimensional feature vector frb, representing the 3D coordinates
of the rst ve geodesic extrema (Sectién 8.4.2). Being a low-dimensioealcharacteristic pose
representation, the features permit rapid retrieval of similar full-bodgpdom a large pose
database (Secti¢n 8.4.3). From the set of retrieved poses we chdogéegsse hypothesisPB
using a distance function which takes the in uence of the estimated poseqivieus frame , ,
into account. Based on a late-fusion voting scheme that combines two sEtes&es measures,
our algorithm decides betwee® and °OPtto nd the nal pose ,, see Section 8.4.4.

8.4.1 Local Optimization

In our local pose optimization, we follow a standard procedure as deskcrib, e.g,
[Rosenhahet al, 20084. Here, the goal is to modify an initial posesuch that the modi ed
pose © ts to the point cloudM | more accurately. To this end, we seek correspondences between
vertices inM and points irM ;.

Finding correspondences for all vertice8 M  is not meaningful for three reasons. Firstly, many
vertices do not have semantically meaningful correspondendés,ie. g, the vertices in the back
of the person. Secondly, the number of correspondences for tloevtordd be much higher than
the number of correspondences in the limbs, which would disregard thetamperof the limbs
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for pose estimation. Thirdly, the computation time of local optimization increaseshattumber
of correspondences.

Therefore, we use a prede ned €&t M  of mesh vertices as de ned in Figure B.6 (a). Here,
we make sure that we select a couple of vertices for each body partg Bl$otalkd-tree built

up in every frame, we eciently obtain the nearest neighbors i | of each vertew 2 C and
claim correspondence gfto the median of its nearest neighbors to reduce the in uence of noise.
Using these correspondences, we obtain updated pose paraniétermspplying an optimization
framework similar to the one ifRosenhahet al, 20084.

8.4.2 Feature Computation

To obtain a sparse yet expressive feature representation for thiepoiod cloudM |, we revert

to the concept of geodesic extrema as introducd®iagemantet al, 201(. Such extrema often
correspond to end ector positions, yielding characteristic features for many poses as irdlicate
by Figure[8.1ID. FollowindPlagemant al, 201(, we now summarize how one obtains such
features. Furthermore, we introduce a novel variant of Dijkstra'srahgno that allows us to e-
ciently compute a large number of geodesic extrema. We model the tuple ofstiregeodesic
extremal points as

EM:=(gh:e)2(M )™ (8.2)

e ciently build up the edge structure of the graph, we exploit the neighbdrkwacture in the
pixel domainz? of the underlying depth image. Here, we consider the 8-neighborhoedabf
p 2 M in the domain of the underlying image. For each such neighboring pgiZ M |, we

add an edge betweenand’ of weightw = jjp, pjj2 if wis less than a distance threshold
This way, we obtain a weighted edge structure in form of an adjacency list

EC):=f(mw)2[1:L] R+jpmandp share an edge of weighiy (8.3)

for ™ 2 [1: L]. Here, note that when building up the edge structure, the distance lreangawo
points inM | has to be evaluated only once.

In our approach, in contrast to the methodfagemanet al, 201(, we need to obtain a fully
connected graph with only one connected component in order to obtairingkdmyeodesic ex-
trema. In practice, however, the graph computed as described abaeidiynconnected if, for
example, the depth sensor misses parts of the thin limbs, or due to occlusiemsgaré 817. To
cope with such situations, we use anaent union- nd algorithm[Shapiro and Stockman, 20002
in order to compute the connected components. To reduce small artifactoesedpixels, we
discard all components that occupy a low number of nodes. Furthermergessume that the torso
is the component with the largest number of nodes. All remaining componentsem connected
to the torso by adding an edge between the respective closest pair Isfiptke edge weight is
less than b m, see the red dotted lines in Figlrel8.7. This allows us to nd meaningfulegod
extrema even if the initial graph splits into separate connected componentSigsed 8.10 (b)
and (h) for the resulting geodesic extrema of the graphs shown in Figdire 8
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Figure 8.7. Graph obtained from the depth image (black lines) and a ziodnem a more lateral viewpoint
for two poses with self-occlusions. The initially discooterl graph is automatically connected using edges
indicated by the red dashed lines, respectively.

Figure 8.8. Computation of geodesic extrema using a variant of Dijstedgorithm.(a): Graph structure
and source node (cyan circl€h): Geodesic distances and rst geodesic extrem(gh.Updated geodesic
distances and second geodesic extremgn.The rst ten geodesic extrema.

We now show how a large number of extrema can be computetkatly. Basically, we follow an
iterative computation strategy. In each iteration, we use Dijkstra's algofiformenet al, 2001
to compute the geodesic distances from a centroid ng¢feferred to asource nodgto all other
nodes in the graph. We then pick the node with the maximal distance as thepaoding extremal
point. The e ciency of our algorithm is based on the observation that only in the rsttiteraf
our algorithm, a full pass of Dijkstra has to be computed. In all remaining iteismiboe needs to
consider only a small fraction of the nodes. As another observationnlyeneed to obtain the
geodesic distances of each node and do not need to store the acttestgbath information which
is usually saved in a predecessor array in Dijkstra's algorif@ormenet al, 2001. Therefore,
we save additional time in each iteration by omitting the predecessor array.

As input to AlgorithnT4, we use the graph structure with nodes, edgeghartksignated source
node’ o, see Figur€8]8 (a). Additionally, we use a priority qu€uthat stores tuplesifw) 2 [1 :

L] R: of nodes and weights sorted by increasing weight. The priority queuesallswo extract
the tuple with the minimal weight by th@:getMin() operation. To keep track of the distance
values of each node, we use an auxiliary arrdyavingL entries.

We start the algorithm by initializing , see Lines 1-3. Then, we insert the source node into
the previously empty priority queu® in Line[H. We then iterate over all geodesic extrema to
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Algorithm 4 Computation of Geodesic Extrema

Input:  fpy:::pLg:= M ,: 3D point cloud with pointg> 2 R® and nodes 2 [1 : L]
EC):=f(mw)2[1:L] Rjpmandp share an edge of weighig
edge adjacency list de ned dd
"0 2[1: L]: index of the designated source node
Q: priority queue for elementsitw) 2[1: L] R
n: number of geodesic extrema to be computed
Output: (el;:::;€) 2 (M )™ then rst geodesic extrema db

1 for ° l1toLdo

2: [l 1 . Initialize distance array

3: end for

4 [o O . Distance to source
5. Q:insert( (o;0))

6: fori 1ltondo . Compute the rstn extrema

7: while Q, ; do

8: Q:getMin() . Get entry with minimal weight
9: Q:removeMin() . Remove the entry fron
10: for each (m;w) 2 E(") do . For all nodes connected by an edgepto
11: if [[]+w< [m]then

12: [m= []+w . A shorter path has been found
13: Qinsert( fm; [m]))

14 end if

15: end for

16: end while . how contains the geodesic distances
17: T oargmaxyy; [] . Note: the argmax must ignore nodes that were not reached
18 € p . Storei" extremum
19: [T O . Simulate edge insertion between andp
20: Q:insert( ( ;0)) . Let”™ act as new source
21: end for

be computed. The rst pass of Dijkstra (Linek 7[id 16) stores the shaytsiesic distances
from the source node to any other node in the graph in the arraee Figuré 818 (b). Then,
the point corresponding to the nodewith the largest distance in is taken as the rst geodesic
extremume,1 (Lines[17 toIB). Note that if there are still nodes which are not reacHedre
the source nodey, they bear the same distance valdess set in the initialization. Of course,
such unreachable nodes should not be considered as geodesiteexirberefore, the arg max
operator in Liné_II7 must ignore these nodes in order to recover the tagegje extremum. In
Figure 8.8 (b), the detected extremefﬂ's indicated by the gray sphere on the left foot. According
to [Plagemantet al, 201, the next step is to add a zero-cost edge betwgemd™ and then to
restart Dijkstra's algorithm to ncélz, and so on. This leads to a run time@fn D) for n extrema
with D being the run time of Dijkstra's algorithm for the full graph. Note that the sdawin of
Dijkstra's algorithm shows a high amount of redundancy: the entries inrthg a corresponding
to all nodes in the graph that are geodesically closep tihan to the node oéll will not change
in the second run. For example, in Figlrel 8.8 (c), only the distance valties nodes within the
highlighted area have changed.
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Figure 8.9. (a)Number of nodes visited ar(®) run time in milliseconds to nd the™ geodesic extremal
point for the baseline (black) and our optimized algoritlgreén). Average values and standard deviation
bars for a sequence of 400 frames from the datadiahapathét al, 201( are reported.

Therefore, to compute thé®@pass, we keep the distance values of tH@ass and let the node
corresponding te! act as the new source, see Lifies 19[and 20. This way, the second iteviitio
be by an order of magnitude faster than the rst iteration, as also con royedur experiments
described in the subsequent paragraphs. Usings the new source, we updatewith a pass

of Dijkstra's algorithm and pickal2 as the point with the maximal distance in the updatedee
Figure8.8 (c). For the'8pass we let the node correspondingﬁ@ct as the new source by setting
the corresponding value in to 0, and run Dijkstra again. This way, in th& pass, only nodes

in the graph that are closer to the nodeef)f[han to all other previously used source nodes are
touched. We proceed iteratively to compute the subsequent extremal, geiatSiguré 818 (d) for
the resulting distance values and extrema after 10 iterations.

Our computational strategy leads to drastic improvements in the run time for asshTo exper-
imentally verify this, we evaluated the algorithm on a depth input sequenc@Qofrdmes taken
from the dataset diGanapathet al, 201(. We computed the rst 20 geodesic extrema for each
of the 400 frames using both a baseline algorithm that runs a full Dijstrapasgh iteration and
our optimized algorithm. We traced the number of nodes visited in each iteratieellass the ac-
tual run time for each iteration. Figure 8.9 shows thatin the rstiteration atthhable nodes il |

(on average there were more than 6000 nodes in the graph) were vigitibe. second iteration,
only 413 61 nodes (average standard deviation over all frames) were visited. This substantial
reduction is also re ected by the run time of the algorithm, which drops from 1 mdbad in the

rst iteration to about @58 0:0085 milliseconds in the second iteration, see Figure 8.9 (b). As a
result, the overall run time for computing the rst 20 geodesic extrema is diglyty higher than

the run time of the original Dijkstra algorithm for computing the rst geodesitemum. Thus,

the algorithm allows us to eciently compute a large number of geodesic extrema.

The overall approach enables the detection of semantically meaningfal entbr positions even
in di cult scenarios. Figurfe 8.110 shows a number of challenging exampless Vegs occlude
each other (b)-(c), multiple body parts occlude each other (d)-(fastgunching motion with
occlusions is performed (g)-(k), a leg is bent to the back (l), and thdshare outstretched to the
camera (m). However, in poses where the endaotors are very close to other parts of the body,
the topology of the graph may change and the detected extrema mayfim the actual set of
end e ectors, see Figufe 8111(a)—(c). In these poses, the left elbow, tlehtefider, and the left
hip are selected a:? respectively. Also, ying mixed pixels can cause the topology of the lgrap
to change, as depicted in Figure 8.11 (d), where we show a pose ameaffrontal view and
once from a side view. Note that although the left hand keeps a redsdisiance from the head,
mixed pixels build a bridge in the graph from the hand to the head. Thus, thextremum is
located at the elbow. Figure 8111(e) shows a similar situation in which the heatldstected due
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Figure 8.10.Example poses with the rst ve geodesic extrema drawn asdsplgeres, and extrema 6 to 20
drawn as smaller blobs. For many poses, the rst ve extremaaspond to the end ectors, even when
self-occlusions are present.

Figure 8.11. (a}(c): Problematic example poses. In particular when the handeeadose to the body,
end e ector detection becomes deult. (d)-(e): Flying mixed pixels lead to deviations in the endeetor
detection.

to mixed pixels. Instead, the fth extremum is located at the hip.

In the subsequent section, we will explain the discriminative componentrdfamaework, where
pose candidates are obtained from the database by using the positioes st the geodesic
extrema as a query. If the endectors are not revealed by these extrema, however, the obtained
pose candidates are often meaningless. As will be explained later, thenoeusf such mean-
ingless poses on the nal pose estimates can be minimized with our combinedhtienand
discriminative framework.

8.4.3 Database Lookup

As for the database lookup component, the goal is to identify a suitable fayl-bose PB from
our pose database using the extracted geodesic exEéraa the query input. However, as op-
posed to the database motions where the semantics of the entbepositions are known, the
semantic labels of the extrema on the query side are not known. To partibly oo miss-
ing semantics, the methd@anapathet al, 201( uses a classi er trained on “hand', *head', and
“foot' patches of distance images. This process, however, is relatsggnsive (taking 60 ms
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per frame according tiPlagemanmet al,, 201d) and is thus not directly suitable in real-time sce-
narios. Also, when using depth data alone, misclassi cation of patches gt because of
missing color information, strong noise, and the low resolution of the measntema order to
circumvent the classi cation problem, we propose a query strategy thest dot rely on having
a-priori semantic labels for the extracted geodesic extrema. Intuitivebkspe we use dierent
queries that re ect dierent label assignments. As explained in the following, from the retrieved
poses, we then choose a candidate pose that most likely correspondstortct labeling.

Let S5 be the symmetric group of all ve-permutations. For a permutatioand a ve-tupleE,
we denote the permuted tuple bye. Now, letS S5 be a subset containing permutations
such that the positions inE? are close to the end ectors of the previous framg ,. More
speci cally, we de ne

S:=f 2%i8n2[1:5]: jig ™ ¢ ji< g (8.4)

In our experiments, we use a distance thresholdof0:5 meters to eectively and conservatively
prune the search space while still allowing for large jumps in the emtter positions which
may be present in fast motions. In frames with clear geodesic extrema,rtiteenof considered
permutationgS | typically drops to one. To further increase robustness to false estimations in
the previous frame, we add additional permutation$ td we detect jumps in the positions of
the geodesic extrema. To compute the additional permutations, we assumeettvab towest
extremaw.r.t. the vertical axis, sag ande?, correspond to the feet. This leads to two possible
label assignments where the label “left foot' is assigned to either €2. For each of the two
assignments, the remaining three extrema can receive 8!di erent labelings. This leads to

2 6= 12 additional permutations added$o

By querying thekd-tree of the pose database mearest neighbors for each permutatiorsin
we obtainK jSj pose candidates,, withk 2 [1:K]and 2 S. For eachK; ), we dene a
distance value between the pose candidgteand the permuteEI5 by

(k:ED)=% JE, Ej (8.5)

Note that to compute the distande . ; Ef), we stack the tuples |, and E|5 into 15-dimensional
vectors, respectively. The result of the database lookup for framet is then chosen by also
considering temporal consistency using

(c; )=argmin (& ED+( ) de( ki (o) (8.6)

with a weighting factor that balances out the in uence df (de ned in Equation (8.1)) and.
In our experiments, we use = 0:5. Finally, we re ne . to the hypothesis P using local
optimization as described in Section 8.4.1.

8.4.4 Hypothesis Voting

At this stage, two alternative pose hypotheses have been derivedlyngrf&r! from the gen-
erative and PB from the discriminative component. In the next step, we need to createle,sing
nal pose  taking both hypotheses into account. Recall that the pose hypotH&simight be
inaccurate when the end ectors are not revealed. Therefore, it is not meaningful to take the
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average pose of°cOPtand PB as nal pose. Instead, for this late-fusion step, we propose a
novel voting scheme that decides for eith¢fc©Ptor DB as the nal pose ; based on an ef-
ciently computable sparse and symmetric distance measure. With the propathegl strategy,

the local optimization and database lookup schemes bene t from each Ghehe one hand, if
the database lookup component fails, then the local optimization compomecornue to track
the motion. On the other hand, the local optimization might fail to track fast angptimotions.

In such situations, the database lookup can reinitialize the tracking.

In the proposed voting scheme, we want to avoid a dominant in uencetefpal errors coming
from the feature extraction or from the database lookup. Therefoeaysg distance measures
that revert to the original input point cloud | rather than to derived data. One possible distance
measure could be de ned by projectilg into a distance image and comparing itlto In
practice, however, because of the relatively low number of pixels in thdithirs, such a distance
measure is dominated by the torso. For this reason, we propose a naaatdisetric that can
be computed eciently and that accounts for the importance of the limbs for pose estimation.

To this end, we combine two sparse distances measures. The rst distgmesses how well the
mesh is explained by the input data:
X

1 R
dv m = iCi. minjip - Viiz (8.7)

Here, we revert to only the subs€t M  of vertices as de ned in Section 8.4.1, see also
Figure 8.6 (a). Likewise, the second distance measure expressesdibi wis explained by

M
X

dum =os  minie Vi (8.8)
n2[1:20]

To emphasize the importance of the limbs, we take only the rst 20 geodesenexinf the input
depth data, which largely correspond to points on the limbs rather than tloe $eesFigure 8.10.
Since also for the mesh we take only a subset of vertices, see Figurg, 8@ (distance measures
are sparse. Both distance measures can be compuigdrely because rstly, geodesic extrema
can be extracted very eciently (Section 8.4.2), and secondly, only a small number of points are
taken into account. The nal posg is then given through

¢ = arg min (dM M +dM|!M ): (89)
2 tDB; tLocOpt

8.5 Experiments

We implemented the proposed hybrid tracking strategy #+ @nd ran our experiments on a
standard o-the-shelf desktop PC with a@GHz CPU. To numerically evaluate and to com-
pare our hybrid strategy with previous work, we used the publicly availablehmark dataset

of [Ganapathet al, 2014. In this dataset, 28 sequences of ToF data (obtained from a Mesa Imag-
ing SwissRanger SR 4000 ToF camera) aligned with ground truth markiéiopegobtained from

a marker-based motion capture system) are provided. This dataset asvif#@0 frames in to-

tal. In addition to numerically evaluating on this dataset, we demonstrate dwtiveness of the
proposed algorithm in a real-time scenario with fast and complex motions eddtom a PMD



118 CHAPTER 8. AHYBRID APPROACH FOR RECONSTRUCTING HUMAN MOTIOD

0.25] ||

©
N

0.15] L | [+

o
=

i
0.05| Wl

0.25

o
N

0.15

o
[

0.05] il

Avg. Pose Error [m] Avg. Pose Error [m]
o

o

13 12 11 10 9 8 7 6 5 4 3 2 1 0

Figure 8.12. Average pose error and standard deviation of sequences 27 &b the dataset
of [Ganapathet al, 2014. Bars left to right: Using only local optimization, usinglgthe database lookup,
results using the proposed fusion scheme, and values eefdoytGanapathet al, 201 (without standard
deviations).

Camcube 2 in a natural and unconstrained environment, see Figure 8. E3gamne 8.14. In the
accompanying videfBaaket al., 20114, we show that the same framework also works with the
Microsoft Kinect depth sensor without any further adjustments.

8.5.1 Feature extraction

First, we evaluate the ectiveness of the proposed feature extractor on the benchmarktdatase
Not all ground truth markers in all frames are visible, thus, for this evaloati@ use only the
3992 frames in which all ve end esctor markers are visible. A good recognition performance
of the feature extractor is needed for a successful subsequebadatmokup. In 88% of the
3992 frames, each of the found ve geodesic extreElﬁais less than 2 meters away from its
corresponding ground truth marker position. This shows that we caotieely detect the end

e ector positions for most motions contained in the test dataset.

8.5.2 Quantitative evaluation

We run our motion reconstruction algorithm on the benchmark dataset. Smceittace mesh
of the actor is not part of that dataset, we scale the input point cloud datesit roughly ts
the proportions of our actor. We manually x correspondences betveaeh motion capture
marker and a mesh vertex. For a test sequence Wiitames, letM; be the number of visible
motion capture markers in franiglet m;; be the 3D position of thé" visible marker in frame
t andri; the position of the corresponding mesh vertex of the reconstructed pes#so used
in [Ganapathet al,, 2014, the average pose error for a sequence is computed as

avg = P7—— Mg Meijjo: (8.10)
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Total  Preparation Local Optim. E?  Lookup Voting

. 166 ms 12ms 57 ms 62ms 12ms Q9ms

Full resolution
100% 7% 34% 37% 7% 5%
. 100 ms 11ms 46 ms 15ms 12ms Q9ms

Half resolution
100% 11% 46% 15% 12% 9%

Table 8.1. Average run times in milliseconds over all frames of the iemark dataset.

Whereas the overall accuracy of the tracking algorithm is expressetehys of Equation (8.10),
potential local tracking errors can be averaged out. Therefore se¢his evaluation measure to
show tendencies in the accuracy by comparingedent pose estimation strategies for all bench-
mark sequences, see Figure 8.12. To this end, we report how the fgalzation component
(Section 8.4.1) and the database lookup component (Section 8.4.3)npanttividually, without
being combined with the late-fusion hypothesis voting. When using only Igatahization (£
bar) the method often gets stuck in local minima and loses track. When usin@ adiabase
lookup (29 bar), poses where the endeztors are not revealed by the rst ve geodesic ex-
trema may cause a false lookup result. Thus, in terms of the average posebeth meth-
ods, when run separately, do not perform well on all sequences. 3ftbar shows the result
of the proposed hybrid strategy which leads to substantial improvements. irAlsomparison

to [Ganapathet al., 201d (last bar, std. dev. values were not available), we achieve comparable
results for basic motions and perform signi cantly better in the more complgxesees 20 to 27.
Only for sequence 24, the methp@anapathet al., 201d performs better than our approach. The
reason for this is that this sequence contains a 8@@tion around the vertical axis, which cannot
be handled by our framework. However, our system can cope with rogaiticthe range of 45
since we normalize the input data based on the estimated viewing direction.eRoerbhmark
dataset, the hypothesis voting component decided i %2of the frames for the retrieval com-
ponent, and in 7B % for the local optimization from the previous frame. With our hypothesis
voting, we signi cantly reduced the average pose error of the nakpestimate in comparison to
either method ran individually.

8.5.3 Runtime

In Table 8.1, we report the average run times of our motion reconstruatomefvork in mil-
liseconds per frame. lbGanapathét al, 2014, the authors report a performance of 4 FPS on
downsampled input data. By contrast, with our proposed algorithm, wevecdtel FPS (186 ms
per frame) on average on the full resolution input data, and 100 FP@r({iHper frame) with half
of the resolution which we track with nearly the same accuracy. The run tireepmparable to
or even better than other state-of-the art approache¢3ikettonet al, 2011 where the authors
report “at least 10” speedup with respect tfGanapathet al, 201J. As for a more detailed
analysis, we also give the run time of each algorithmic component, namely theréatration
phase (Section 8.3), the local optimization component (Section 8.4.1), thesfeattaction (Sec-
tion 8.4.2), the database lookup (Section 8.4.3), and the voting (Section. 8Mo4¢ that our
e cient algorithms lead to run times that are well distributed among thereint components,
such that no clear bottleneck is present. For the full resolution, the run fifnead optimization
and the feature extraction are approximately the same. The latter bene tfromostiownsam-
pling the data.
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Figure 8.13. Snapshots of our results on fast and complex motions on datared with a PMD camera.
For every motion we show a video frame of the actor (not usedréaking), ToF data overlaid with the
reconstructed skeleton, and a rendering of the correspgmdéesh.

8.5.4 Qualitative evaluation

In Figure 8.13, we show example results of fast and complex motions cedtuae unconstrained
environment. The considered motions are much faster and contain morengivajlposes than the
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ones used ilGanapathet al., 201Q. The leftmost image in each sub gure shows a video frame
of the motion captured from a separate video camera not used for the nmetmstruction. In the
room where we recorded the data, the video camera was standing to thietheftdepth camera.
The middle image shows the depth data overlaid with the estimated skeleton of ¢heg pdie
rightmost image depicts a rendering of the surface mesh in the corresgmutie.

The rst row (Figure 8.13(a)) shows some frames of a successfulbké motion sequence.
Even though the left foot is bent to the back and is nearly hidden fromeapthdamera, the 3D
geometry of the legs has been recovered correctly. Figure 8.13(lgtslep cult bending mo-
tions. Despite of the fact that such poses were not part of our paabat®, the motions were
tracked successfully. For such motions, the resBh of the lookup step does not re ect the true
pose of the actor. Thus, our voting scheme decided in each frametbpfoe¢he local optimiza-
tion component which successfully tracked the motions. Figure 8.13(¢giosrtypical failure
cases. The rst two images show poses with severe self-occlusion vahécstill a challenge for
motion reconstruction. Nonetheless, the overall pose is reliably captodeaim tracking quickly
recovered once the occlusion was resolved. The rightmost image shoage avhere the right
arm was not visible in the depth input data. Since the proposed method adbategdeast parts
of all limbs are still visible in the depth data, the pose of the right arm is noectiyrrecovered.
Figure 8.13(d) shows examples of fast jumping, punching, and kicking motidere the rst
two motions are additionally rotated to more tha#5 around the vertical axis with respect to
the frontal viewing direction. The poses in this row are roughly recakeowever, small mis-
alignments of some limbs might occur as visible in the right leg and the right arpeateely.
Also note the inaccuracy in the left leg (third pose). Such minor inacciga&eie locally occur
and are typically resolved after a few frames. Figure 8.13(e) shows goses of a successful re-
construction of a sequence with fast and complex kicking motions. Note ttieg second pose of
Figure 8.13 (e) itis di cult to distinguish the left leg from the right leg when having only the depth
data of a single frame. However, since the local optimization and the datalo&s@ components
use temporal continuity priors, the legs can be tracked successfullylyFigure 8.13 (f) con-
tains a very fast arm rotation motion in a pose where the arms are close todugtigetched to
the camera ( rst image), and a jumping motion in a similar pose (second imagepugthonly

a small part of the arm is visible to the depth camera due to self-occlusiordDtijeometry of
the arm is successfully recovered. The last image shows a pose whdrarttis touch dierent
parts of the body. Despite of the fact that in such poses not all geceldsitna inEf’ correspond
to the end eectors, the motion has been tracked successfully since the voting scheiohedder
the local optimization component. In the accompanying viaaket al, 20114 we show the
performance of our prototype implementation also with the Microsoft Kingatrdeamera.

First experiments showed that actors with elient body proportions can be tracked if they are
not too di erent from our body model. Therefore, we scaled the input data tdlpuagatch the
proportions of the model, see Figure 8.14 and the accompanying videxeaimptes.

8.5.5 Limitations

In the proposed framewaork, we rely on certain model assumptions inadetages of the frame-
work. For example, we use a rigged surface mesh that is assumed to dgpeative actor to be
tracked. Therefore, we cannot directly track persons with substardiarent body proportions
than the ones re ected by the surface mesh. However, as shoM#iisset al,, 2011, the depth
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Figure 8.14.Experimental results with a derent person (ToF data from a PMD camera).
input can be used to estimate the body shape of the actual person. pestents have shown

that one can use the same motion reconstruction pipeline after applyingraqasging step where
the pose database is retargeted to correspond to the estimated body shape.

A second limitation arises in situations where only parts of the actor are visibles irelkth of
view of the depth camera. Two assumptions within our framework lead to fakeegstimates in
these situations. Firstly, in the local optimization component, corresponslbeteeen the mesh
and the depth data for all body parts of the mesh are established. If somealiebst visible in
the depth data, then the correspondences will inherently be semanticaliseictcéccecondly, the
geodesic extrema will not correspond to the limbs anymore and retrievelobdataoses can no
longer stabilize the pose estimation. Therefore, the full body of the actaitdhalways be visible
in the depth data.

Another problematic situation can occur when the endators are not revealed for a longer
period of time. Although we run two pose estimation components in parallel, @achanent in
isolation does not give satisfying pose estimates as shown in the acconmpaiggon—it is the
combination that facilitates stable and accurate results. Therefore, iffaéhe components fails
for an extended period of time, the results might become unstable. For exd#ripeend e ectors
are not revealed by the geodesic extrema for many successive fraumedgorithm continues to
track using only local optimization. Then, fast motions lead to unstable ptiseatisn results,
which are resolved as soon as the endators are detected again. To overcome this limitation,
additional techniques for detecting endegtors could be employed. For example, a fast method
for detecting body parts similar {Shottonet al., 2011 could be used to identify the end ectors
and supplement the geodesic extrema detections.

Finally, we expect the user to face the camera and rotate the body only witypical range for
interaction ( 45 ). We make use of this assumption in the normalization step in Section 8.3.4. By
normalizing the depth data with respect to the estimated viewing direction, weseamaompar-
atively small pose database that contains each pose only in one normaiesdton. However,

with our proposed method, the estimates for the viewing direction become lenstede the user
leaves the admissible range of rotations. Since the database lookup cormdies on a correct
normalization of the input data, the retrieved pose hypotheses will nottrehe true pose in such
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cases. Another problem with strong rotations of the body is that then limlmsaelikely hidden
behind the body. To meliorate pose estimates in these situations, one could engyogmic
model for simulating hidden limbs.

8.6 Conclusions

In this chapter, we introduced a combined generative and discriminaiveework that facilitates
robust as well as ecient full-body motion reconstruction from noisy depth image streams. As one
main ingredient, we described an eient algorithm for computing robust and characteristic fea-
tures based on geodesic extrema. These extracted geodesic extrarsadaas query to retrieve
semantically meaningful pose candidates from a 3D pose database,neteeq@iori semantic la-
bels of the extrema are necessary. Finally, a stable fusion of local optinmzettbglobal database
lookup is achieved with a novel sparse distance measure that also ectmuhe importance of
the limbs. For all components of the pipeline, we have describagiest algorithms that facilitate
real-time performance of the whole framework. In our experiments we inggron the results of
previous work, both in terms of eciency and robustness of the algorithm, as well as complexity
of the tracked motions.

As for future work, we plan to integrate a dynamic model for achieving stabligon reconstruc-
tion also for 360-rotations and for occluded limbs. Furthermore, the fast run time of our metho
is one main building block that could spur further research for captuewgral interacting people.
Finally, we aim to integrate a method for automatically estimating the surface mesh péitson
from depth data only.
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Chapter 9

Conclusions

Analyzing, tracking, and reconstructing human motions constitute importaisstopcomputer
vision and computer graphics. In the analysis, one main challenge comethgdact that seman-
tically similar motions may exhibit signi cant spatial and temporal variations. Algtowarping
and alignment techniques canezxtively cope with temporal variations, they may be prohibitive
when dealing with large collections of mocap data due to complex computatiotigmahemory
requirements. Further challenges can be found in the tracking andstaaction tasks, where a
3D representation of the human pose from camera- or other sensor datbdésestimated. In
particular when using a small number of cameras, the task is consideratdy-constrained.
Moreover, noise in the underlying data, fast motions, or self-occlusemder the problem even
more di cult.

In this thesis, we introduced novel data-driven algorithms tectively tackle challenges in mo-
tion analysis, tracking, and reconstruction. As one main contribution, welajged a robust
framework for content-based annotation of unstructured collections cdmdata. In particular,
we introduced a novel keyframe-based search algorithm which canwibip signi cant tempo-

ral variations in the motions. By applying this algorithm in the annotation framewee were
able to e ciently handle large collections of mocap data. As a further contribution eweloped
novel data-driven approaches for marker-less tracking and secation. As common underly-
ing methodology, we dynamically extracted and integrated prior knowledgentime from a
database of mocap data using content-based retrieval techniques. Wwathis/e signi cantly
increased the accuracy of the tracking anédively prevented tracking errors. The application
of novel sensor types in motion analysis and reconstructions represwtter main contribution

of this thesis. Here, we showed how inertial sensors can be useddotiwely detecting tracking
errors. Moreover, we introduced a novel approach for dateednmotion reconstruction from a
single depth camera which greatly improved accuracy, stability, andescy in comparison to
previous state-of-the-art algorithms. Eiency issues played a major role in all parts of the thesis.
We developed and implemented eient content-based techniques for retrieval and annotation of
large mocap collections. Furthermore, in the last part of the thesis, we uiciedce cient algo-
rithmic components for data-driven motion reconstruction that lead to aalomen time of about

16 milliseconds per frame, which exceeds the requirements for real-timbiligpa

There are several interesting directions of research for future indi&ated by this thesis. Chal-
lenging open problems for mocap annotation can be found for the anafygsiires. Here, the
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automated temporal segmentation into the basic movement phases, whichrasemigd by the
succession preparation—hold—stroke—hold—retraction, is still an opmsigm. Also, detect-
ing and automatically labeling derent types of gestures is a diult research topic. The main
challenges come from the high inter- and intra-person variability for the $ppeeof gesture.
Also, the extreme dierences in the temporal extend of drent gestures increases the dulty
of the annotation task, where some gestures last for several seéonglsaimple, a ‘calm' gesture
with an extended “hold'-phases), and other gestures might only laatffaction of a second (for
example, a "pointing’ gesture).

Invariance to dierent motion style represents one main challenge of robust mocap annotation
procedures. As a complementary goal, strategies for identifying a spaciar in mocap data
could be explored in future work. Here, the extraction of motion nuankegs jan important role.
Such automated analyses may be applied in areas such as medical rehabilagi@one goal is

to detect anomalies in motion style. Moreover, the amount of deviation fronnnaahgait could

be measured.

As for the data-driven stabilization of tracking, we explored a method fieghating retrieved

motion priors from a mocap database. In this context, techniques for autaftyainhancing

the database knowledge in an online learning manner could be subjectr® fesearch. In one
possible scenario, motions which are correctly tracked with a high coreenuld be integrated
into the database. Therefore, a suitable con dence measure wouldtdvdnge developed that
correctly predicts whether a motion contains tracking errors. Hereiagdpace has to be taken in
order to avoid that false predictions lead to an inclusion of motions with traekirays into the

database.

Our approach for real-time tracking from a depth camera may open numapplications in the
areas of human computer interaction, virtual reality, medical rehabilitatiosports sciences.
However, some applications require even more robustness and stabiligcthiamed with current
state-of-the-art algorithms. For example, in our current approach, lingbgre not visible in the
depth datad. g, because of self-occlusions), might be mapped to the nearest visibjephatd
One possible approach for improving tracking in such situations might in@uatgttom-up de-
tection of limb visibility with an approach similar f&hottonet al, 2014. Then, limbs could be
included or excluded from the motion reconstruction based on the detésileitity. As a further
improvement, approaches that are also capable of reconstructing@é@ons could be explored.
At least two problems would have to be solved for this task. Firstly, rotatianga the longitudi-
nal body axis inevitably lead to strong occlusion of the limbs. Secondly, tm#/lback ambiguity
would have to be solved: for many body shapes, the depth data for dguisg the camera is
similar to the depth data for a corresponding pose facing away from theaa®ee possible so-
lution for this problem could exploit temporal continuity assumptions. Howdwenan motions
can be abrupt and unpredictable, where continuity assumptions might faéefbre, the inte-
gration of knowledge derived from additional sensors could assistasls For example, a color
camera could be used to estimate whether the front or the back of the pewésible based on a
detection of skin color in the region of the head. Another solution could beddy combining
motion reconstruction based on a depth camera with an additional inertiar séffsen placed on
the back of the person, the sensor could be used to resolve théb&ckiambiguity. Moreover,
orientation data from the inertial sensor may lead to a stabilized detection déthieg direction,
which could lead to improved pose reconstructions also in challenging bashtations.
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A further extension is motivated by body-controlled computer games. ler éodcontrol a game,
a full 3D pose reconstruction of the player might not always be requidetvever, the raw depth
input data might not carry enough information to control the game. InstBadyrogression of
the game might be controlled by a mid-level representation comprising semanticirolatsses.
For example, the input of a simple rafting game could consist of the motion slasaék to the
left”, “walk to the right”, or “jump”, which could be detected from the playerhotion. One
advantage of such a strategy is that local tracking errors which still parogitrect classi cation
of the motion would not in uence the gameplay. In the game, the motions of theal/character
could be played back based on the mid-level motion class input using psgviegorded mocap
data. In particular, the displayed motion of the virtual character would @dgmble the rough
order of motion events instead of exactly copying the poses of the playativadéed by such a
scenario, classi cation methods similar to the ones in Part | could be extemtecdombined with
methods for real-time motion reconstructions as described in Part 11l im tydmiild a real-time
input controller for computer gaming applications.
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Appendix A

Inertial Measurement Unit

An inertial measurement unit (IMU) consist of two basic sensors, name&ly accelerometer and

a 3D angular rate sensor. Often, such an IMU is enhanced by an addlitiaignetic eld sensor.

In this appendix, we describe the @rent sensors contained in an IMU (Sections A.1-A.3) and
brie y motivate how orientation data is commonly derived from the measurtal(&ection A.4).

As a prerequisite, we rst de ne a global, xed coordinate system of itnertial world F®, see
Figure A.1. In this coordinate system, tieaxis points towards the north pole, tHeaxis is
the vertical axis pointing upwards, and tieaxis is chosen to yield a right-handed orthonormal
coordinate system. The coordinate system is de ned in this way since diaisensor is able to
measure the direction towards north using a magnetometer as well as thelsiphvaction using
the accelerometer. The orientation of the sensor is de ned as a rotgtibat rotates the basis
vectors ofF to the basis vectors ©.

A.1 Magnetic eld sensor

In the process of estimating the orientation of an IMU, the magnetic eld squiags a crucial
role. In the following, we will explain that the magnetic eld sensor allows arUlkb estimate

Z% (Vertical) |FY AY"
A Xy

ZLI

FG| YGI q|

» X% (North)

Figure A.1. Relation between the global inertial coordinate systthand the local sensor coordinate
systemfF"
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Magnetic north pole Geographic north pole

Figure A.2. Sketch of the earth magnetic eld. Underlying image of thetkeabtained with Google Earth.
Copyright note: Google eartlg 2012, TerraMetricsc 2012, CnefSpot Image.

a xed reference direction. As sketched in Figure A.2, the magnetic ektaes on the surface
of the earth are observed as horizontal vectors parallel to the graeandtime equator, and are
perpendicular to the surface near the magnetic poles. The magnetic eddrdsa 3-dimensional
compass that measures the direction of the magnetic eld. For estimating a stiaipltion of
the sensor, we need to estimate the direction towards the magnetic north polgé&oneasured
magnetic eld. Note that this is only possible when being siently far away from the magnetic
poles.

The term “magnetic north pole” is confusing in the sense that it actually ibescthe south pole
end of a bar magnet approximation of the earth magnetic eld, see Figuree@.reason for
this is historic: magnets are used in a compass to determine the direction towstds More

speci cally, the needle of a compass itself consists of a bar magnet. Thie pae end of this
needle is labeled with “N”. Since the north pole end of one magnet attractothle gole end
of another magnets, the “N” on the compass needle is attracted by magneticpstel of the

earth. Thus, the north pole on earth should more correctly be named-$eeking” pole. In the
following, we will choose the conventional naming of the north pole althoughdpposed to its
physical interpretation.

The direction and magnitude of the magnetic eld vectors mostly depend on thallatitiwoor-
dinates on earth. For example, on the equator, the direction of the magndtie&ors would be
approximately parallel to the ground, pointing towards the magnetic north poéemagnetic eld
vectormis commonly described by the inclination and declination anglesn@ ) as well as the
magnitudgjmij, in Tesla units. The inclinatioh depicts the angle with respect to the horizontal
plane, where positive values represent the downwards directiomemadive values represent the
upwards direction. The declinatioris de ned as the angle of derence between true geographic
north and the magnetic north. The meaning of a positive declination is that hgaagraphic
north is located west of the measured magnetic north. All three quantitiegelséowly in time
and can be looked up in the database of the National Oceanic and Atmicsftigrinistration
(NOAA) [2017 for a given location and time. For Saaiibken in 2012, the corresponding values
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Figure A.3. Computation of the magnetic eld vecton in the global inertial coordinate systeft using
the inclination and declination angles.

are
' =64 5= 66:883 (A1)
=1 8°=1:133 (A.2)
jimijo = 48255 T (A.3)

For an algorithm with the goal of estimating the global coordinate systérby using the mag-
netic eld vectormit is crucial to know how to mathematically express the measured vettor
in F&. In the following, we show hown given in the global coordinate systefff' can be easily
computed from the quantities inclination, declination, and magnitude. In Figigewe draw a
sketch of the geometric relations of the quantities with respeePtoThe inclination is depicted
as ' since positive values are de ned as pointing downwards in the de nitidNGIAA, 2012,
and we want it to point upwards in the sketch. Similarly, the declination is deléste since we
draw it in the direction opposite to its de nition. From elementary geometry, wedsermine
the components of the magnetic eld vector as follows:

m; = jjmijzsin ' = jj mjjzsin’ (A.4)

= jimjzcos ' = jjmjj2 cos’ (A.5)
my= CO0sS = jjmjjxcos' cos (A.6)
my = sin =jjmj2cos’ sin = jj mjpcos' sin: (A.7)

Using these computations, the ground truth vector of the earth magnetic eldssed in the
coordinate syster®® can be computed. The magnetic eld sensor can estimate this direction
expressed in its local coordinate systéth. By claiming correspondence of the ground truth
direction expressed iR® and the estimated direction expresse#in the directional information

can be used as a constraint for estimating the rotatiorsgtg'. However, a directional constraint
alone does not carry enough information to fully determjhe Also, the magnetic eld sensor
reacts comparatively slow on changes of the IMU's orientation since teagttr of the earth
magnetic eld is low. Moreover, the earth magnetic eld is often disturbed lyofmagnetic
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materials or electronic devices which emit an electromagnetic eld. Additionatlyirenments
can even be completely shielded against the in uence of the earth magnkticTaerefore, in
practice, special care has to be taken when incorporating these nraastsdor estimating the
orientation of the device. For example, if the measured magnitude of the magptetiector
deviates from the ground truth magnitude, then it is likely that the earth magredtias either
shielded or superimposed by disturbing elds. Then, the measurementklstai have a strong
in uence on the overall estimated orientation of the device. In an IMU, additieensors as
presented in the next sections also have an in uence on the estimated tiiegta

A.2 Angular rate sensor

The angular rate sensor measures the change of the orierfatioer time,i. e., the rst temporal
derivative ofq'. Thus, given an initial orientation, the measurements can be used to upelate th
orientation of the sensor over time. Although theoretically this sensor alots y@aough infor-
mation to update the orientation estimates over time, noise in the measurements qaig&liole
drift in the orientation estimates.

In the following, we show how one can perform computations with rotatioalmoities. There-
fore, we derive an algorithm that can be used to compute rotational vefo(@semeasured by
an inertial sensor) from a given stream of orientatighs-similar computations can be applied
for the opposite task of updating orientations given a stream of rotatiehatities. The vector

I =( x!y! )7 represents the 3-dimensional angular velodity, the sensor's angular veloc-
ity around itsX, Y, andZ axis. By!" = (0;! x;! y;! Z)T, we embed the angular velocity into a
quaternion with a zero real part. In physics books, the de nition of thrgukar velocity in the
time-continuous case is noted as:

= % = %r (Ha)  with (A.8)
d -
r =299 (A9

Let us transform this equation into the discrete time case using a sampling ratetof Let
g(t t) andq(t) be the orientations of the previous and the current sampled instances pf time
respectively. Then, the derivative discretizes to

da(t) q(t) a(t ).
dt t '

(A.10)

Now, in order to extract the rotational velocity (a 3-dimensional vectamnfthe 4-dimensional
guaternion, we extract the imaginary components using the) loperator:
!

a® a9 oy (A.11)

F()=2Im .

Note that the dierence in the numerator is implemented as a pointwiserdince of the scalar
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Algorithm 5 Computation of rotational velocity

Input:  q(t): Current orientation, mapping froft' to F®.
q(t  t): Previous orientation, mapping froRY to F&.
t: Time that has passed between the current and the previnadion.
Output: ! : Rotation that maps from the previous time to the currenetigiven inF- .

if hg(t);q(t t)ii <Othen
at)  ( a(®)

end if
! Z1Im q(t) a(t )

components of the quaternions. Equation (A.11) simpli es to

®=2mma® a€ 9 at H a€ D (A1)
=Zma® A& 9 G000 (A13)
= Etlm gt) qt 1t (A.14)

The last simpli cations is possible since the subtraction of the quaternion idelatity not change
imaginary components extracted by the(liroperator.

Care has to be taken when the quaternioredenceg(t) q(t  t) isimplemented. The reason is

that there are two quaterniogsnd q that represent the same rotation in the sense that g/loen
g are used to rotate a vector, they yield the same rotated vector. Howeyeagphesent dierent

rotation paths in the sense that they rotate about ardnt axis with a dierent angle. Assuming

thatq represents a rotation about the axiwith an angle , then ¢ represents a rotation about
r with an angle 2 (or ):

q= (cosz; rsin 5) (A.15)
q=( cosz; rsinE) (A.16)
—_— 2 . 1 .
= (cosT,( r S|n§). (A.17)

This shows its eect when computing the mentioned quaternioredénce. Only if the dot product
between both quaternions is larger than 0, the quaterniogrelince re ects the shortest possible
rotation. With a su ciently small temporal quantizationt, the shortest possible rotation will
always re ect the correct representation of the rotational velocitg ddrrect way to compute the
rotational velocity in local sensor coordinates is summarized in Algorithm 5.

A.3 Accelerometer

The linear acceleration of a rigid body is the second temporal derivdtihe positional trajectory
of its center of mass, given in the continuous time case as

a=v=X (A.18)
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Figure A.4. The measured acceleratianis an overlay of the acceleration due to the mo#oand the
acceleration due to gravity.

In the following, we show how the gravity &cts the acceleration readings of an acceleration
sensor in order to motivate how one can make use of the gravity for the taskimating the
orientation of the IMU. To this end, we derive equations in the discrete timefoasimulating
sensor readings given the trajectory of its center of mass in coordirfaf&s o

First, Equation (A.18) has to be discretized. The derivative can beetiised in di erent ways,

in the simplest case by a one-sidedelience. Let the position of the center of mass of the sensor
p(t) be given in coordinates &®'. In the following, we use the superscrigtto indicate that the
computed velocity and acceleration are giveRfhas well. We derive the formula for computing
the acceleration of the motiaaf:

v(t)© = w (A.19)

Vit )%= pt 9 tp(t 29 (A.20)
a0 = YO° v(tt 0 (A.21)
_pt 21 2§ D+ P, (A22)

An accelerometer measures an overlay of the accelerafiodue to motion and the acceleration
due to gravityg®  (0;0;9:81) m=s?, see Figure A.4.

a®(t) =a®(t) + g© (A.23)

Note that at rst sight the measuremegf  (0;0;9:81)" m=s’> seems to be unintuitive since
the measured vector points upwards although the gravitational eld on paitits towards the
center of the earth (downwards). This can be explained as follows. mdasured component
of the gravity is zero ife. g, the sensor is far away from any gravitational in uence in space.
Also, if the sensor within the gravitational eld of the earth falls down in a getfvacuum, the
measured gravity component will be zero. However, in a non-vacuunajttifriéction slows down
falling objects (resulting in a measured upwards acceleration) and assdloa terminal velocity

of a falling object is reached, the full gravitational compongft (in upwards direction) will

be measured. Exactly the same situation is present when the sensor liesata susface—the
upwards acceleration that prevents the sensor from falling down will lzsuned.
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As shown in[Boynton, 200}, the magnitude of the gravity on earth is not constant but varies
mainly with latitude and altitude. Therefore, in order to simulateas of the gravity on the sen-
sor, the exact magnitude of the vector should be looked up. The ad@midraglobal coordinates

a® has to be transformed into the local coordinate system of the sensor usiogrtent orienta-
tion of the sensoq(t) to yield the sensor reading (t). Let q[v] be the vectow rotated withg.
Then,

a“l(t) = a®[a® @)]: (A.24)

Now, suppose that the acceleration due to moéds zero. In this case, only the gravitational
componentg® is measured by the sensor. Then, we know that for the sought orientgt)onf
the device the property

a'(t) = a@®[o®] (A.25)

has to hold. Sinca (t) is measured by the sensor ag¥l is known, Equation (A.25) can give a
hint about the orientation of the IMU.

A.4 Orientation Data

For obtaining orientation data, all available measurements should be takegdotma As John

L. Crassidis has shown in his survi8007, there is a multitude of methods for solving this task
described in a large body of literature. However, as he points out, the IKalteaframework
“remains the method of choice for the great majority of of applicatiddshn L. Crassidis, 2007

In the following, we will give a high-level idea about the Kalman Iter and veéer to Welch and
Bishop[1994 and references therein for a more in-depth introduction. The Kalman li@type
of recursive predictor-corrector framework. It is used to estimate tinesiot state vector which
can be thought of as being a vector containing the current orientatiore afethisor, the current
acceleration, the rate of turn and the magnetic eld vector. In the rst dtepcurrent state is
predicted one timestep into the future by means of a user-supplied linear mbdemaddel could
in the simplest case assume that the orientation is updated with the currerit tiae data and
the remaining state variables stay constant. In the second step, the prethitéeid corrected by
integrating all available measurements. The corrected state is the outputcofrtaet time step
and it is used as the starting point for the next time step.

What makes the Kalman lter interesting is the thorough modeling of noise in als siéthe
framework. For example, in addition to the available measurements, theirtainties can be
taken into account. For example, if a disturbed magnetic eld is detected frermégnetic eld
sensor, its estimate of the north direction should be integrated with only a iggryihcertainty.
As a result of modeling the noise, not only the current state vector, botitalsovariance is
estimated. Therefore, the certainty of the estimated orientation is suppliecdatpamnas well. In
fact, it can be shown that a Kalman Iter is optimal in the sense that it minimizes tiraated
error covariance—when some presumed conditions ar¢\Wedth and Bishop, 2041
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