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Abstract

The ability to automatically observe and interpret human activities is one of the main chal-
lenges in computer vision research. Successful methods will provide the foundations for a
broad range of novel and advanced applications in human computer interaction, robotics or
biomechanical and clinical research, to name just a few. Still, after more than two decades of
research, the task remains a hard challenge.

In this thesis we present a novel system for unintrusive observation of human activities that
requires no more than three cameras to precisely estimate human fullbody motions in a wide
variety of scenarios. It is capable to track a large spectrum of motions, including scenarios
where the subject is partially occluded, where it manipulates objects as part of its activities, or
where it interacts with the environment or other humans. The accuracy and robustness obtained
by our system is the result of the following contributions. First, we take an anthropometric
human model and optimize it towards use in a probabilistic tracking framework to provide
a detailed biomechanical representation of human shape, posture and motion. Second, we
introduce a sophisticated hierarchical sampling strategy for tracking that is embedded in a
probabilistic framework and outperforms state-of-the-art Bayesian methods. Third, we show
how to track complex manipulation activities in everyday environments using a combination
of learned human appearance models and implicit environment models. Fourth, we introduce
a method to learn environment- and task-specific models of human motion over time. These
models do not only improve the predictive capabilities and thus the efficiency of our tracker,
but also provide the basis for the recognition and interpretation of observed activities.

Our system competes with the state-of-the-art for markerless human motion capture, with a
mean accuracy of about 2 cm for the joint locations. At the same time, our pose estimates are
more detailed due to the increased level of realism for the spine and shoulders in our biome-
chanical model. In terms of robustness and generality, our system outperforms related methods
as is shown through extensive evaluation on today’s benchmarks and several challenging se-
quences ranging from athletic exercises to ergonomic case studies to everyday manipulation
tasks. In particular, we have created the first publicly available data set that features markerless
fullbody motion capture data of challenging manipulation activities for several subjects.
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Kurzfassung

Das automatische Beobachten und Erkennen von menschlichen Aktivitäten ist eine der größ-
ten Herausforderungen im Bereich des automatischen Bildverstehens. Erfolgreiche Lösungs-
ansätze werden eines Tages die Grundlage für innovative Anwendungen u.a. im Bereich der
Mensch-Maschine-Interaktion, der Robotik oder auch der biomechanischen Bewegungsana-
lyse bilden. Nach mehr als zwei Jahrzehnten Forschung bleibt das gesteckte Ziel jedoch noch
immer eine große Herausforderung.

In dieser Dissertation stellen wir ein neuartiges System zur passiven Beobachtung mensch-
licher Aktivitäten vor. Es ermöglicht die präzise Vermessung menschlicher Ganzkörperbewe-
gungen in einer Vielzahl unterschiedlicher Szenarien, wobei nicht mehr als drei Kameras be-
nötigt werden. Das System arbeitet zuverlässig mit einem breiten Spektrum an Bewegungen,
selbst wenn die zu beobachtende Person teilweise verdeckt wird, wenn sie mit Gegenständen
hantiert, oder wenn sie mit der Umgebung oder anderen Personen interagiert. Die Genauigkeit
und Robustheit unseres Systems ist auf nachstehende Beiträge dieser Arbeit zurückzuführen.
Zum einen verwenden wir ein anthropometrisches Menschmodell, welches wir im Hinblick
auf die Verwendbarkeit in probabilistischen Verfahren zur Bewegungsverfolgung optimiert
haben. Dies ermöglicht uns eine genaue biomechanische Modellierung des äußeren Erschei-
nungsbilds sowie der Haltung und Bewegung von Menschen. Des weiteren präsentieren wir
ein fortschrittliches hierarchisches Verfahren zur Bayes’schen Bewegungsschätzung, welches
verwandte Verfahren in Bezug auf Genauigkeit und Zuverlässigkeit übertrifft. Wir zeigen au-
ßerdem, wie man die Vermessung komplexer Manipulationsaktivitäten in Alltagsumgebungen
durch das Erlernen menschlicher Erscheinungsbilder sowie durch implizite Umgebungsmo-
dellierung bewerkstelligen kann. Darüber hinaus stellen wir eine automatisierte Methode vor,
die das inkrementelle Erlernen umgebungsspezifischer Modelle für menschliche Bewegungen
ermöglicht. Diese Modelle können nicht nur zur verbesserten Bewegungsvorhersage und so-
mit zur Effizienzsteigerung unseres Systems verwendet werden, sondern liefern gleichzeitig
die Basis für die Erkennung und Interpretation der beobachteten Aktivitäten.

Unser System gehört mit einer mittleren Genauigkeit der geschätzten Gelenkpositionen von
ungefähr 2 cm zu den genauesten Systemen zur passiven menschlichen Bewegungserfassung
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ohne Marker. Gleichzeitig ist die Haltungsschätzung auf Grund der erhöhten Detaildarstel-
lung unseres Menschmodells besonders im Bereich der Wirbelsäule und der Schultern um
einiges detaillierter als bei vergleichbaren Systemen. In Bezug auf Robustheit und allgemeine
Anwendbarkeit übertreffen unsere Methoden verwandte Ansätze, wie umfangreiche Versuchs-
reihen bestätigen. Zu den anspruchsvollen Testsequenzen gehören neben wissenschaftlichen
Benchmarks auch Aufnahmen von Bodenturnen, ergonomischen Einstiegsstudien im Auto-
mobilbereich, sowie alltäglichen Küchenaktivitäten. Darüber hinaus haben wir im Rahmen
unserer Arbeit das erste umfangreiche Datenset mit komplexen Bewegungsdaten von Alltags-
aktivitäten veröffentlicht, welches nur mit Hilfe passiver Verfahren zur Bewegungsverfolgung
erstellt wurde.
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CHAPTER 1

Introduction

Observing and interpreting human activities is a constant topic of interest in artificial intelli-

gence (AI) and computer vision (CV) research. The ability to understand human behavior and
to act with respect to human actions or intentions is an ambitious goal. Once achieved, it will
prove beneficial in a myriad of application areas ranging from robotics to human computer

interaction (HCI) or even medical research such as clinical gait analysis. However, despite
the broad progress made in the field in the last decades, the road ahead is still paved.

In this thesis we will present our contributions to this highly active field of research. We will
present a markerless system for human fullbody motion tracking from three or more cameras
that utilizes a realistic human model to estimate the observed motions at high accuracy. Our
system is capable to extract this information for arbitrary types of motions in realistic envi-
ronments. This includes manipulation activities where objects are being handled and where
interactions with the environment or between humans take place. Furthermore, our system is
self-adaptive in that it can improve its efficiency over time by learning environment specific
motion patterns. Lastly, these motion patterns can be used to infer semantic labels for the
observed activities, and thus to reason about human activities and intentions.

1.1 Aims and Motivation

The observation of human motion is an important step when reasoning about human activities.
Depending on the requirements of the target application and on the activities one is interested
in, human motion can be estimated at different levels of detail. For instance, when analyzing
soccer games based on TV broadcasts [19, 22, 60], one will be interested in the 2D motions
of all players on the field (Figure 1.1a). Based on this information and on knowledge of
the soccer rules, it then becomes possible to analyze the current game play and to reason
about important aspects of the game, such as the role of players or the overall strategies of
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each team [24]. Surveillance scenarios [70] are another example where the observation of
human motions is used to infer ongoing activities (Figure 1.1b). The main goal for related
applications is to detect abnormal behavior and potential security threats. Once again, the
2D motion of humans on the ground plane can be a good indicator for their intentions, e.g.
when a person trespasses into secured areas. In addition, other aspects of the human motion
such as the viewing direction or the location of the hands might prove valuable when trying to
detect suspicious behavior. However, detecting the hands or estimating the viewing direction
increases the complexity of the computational problem. Finally, some applications require the
detailed estimation of human fullbody postures that include the position of all relevant body
joints (Figure 1.1c). This is one of the most comprehensive ways to describe human motion,
and the corresponding estimation problem is among the most challenging and promising tasks
in AI, CV and related disciplines. It is also the main topic addressed in this thesis. We believe
that human fullbody motion data will eventually serve as the basis for many new applications
in a wide range of application areas, some of which we will now briefly describe to motivate
the work presented in this thesis.

a) b) c)

FIGURE 1.1 Different application scenarios for human observation: a) tracking of soccer play-
ers from TV broadcasts (image taken from our earlier work on sports analysis [19, 22, 60])
b) pedestrian detection for surveillance or safety applications (image with marked up
ground-truth taken from the PETS 2004 CAVIAR data set [118]) c) fullbody tracking of
human manipulation activities in living environments (as presented in this thesis). Notice
the increasing level of body details that are being estimated from Figure a to c.

The unintrusive estimation of human fullbody motion as presented in this thesis has po-
tential applications in many areas. Among the more obvious uses are novel input methods
for HCI, where interactions between humans and their computers could be driven by gestures
instead of traditional input methods such as keyboards or mice. The commercial potential of
such applications is illustrated by the fact that MICROSOFT is currently developing a closely
related system that should use human fullbody motions as a controller for their gaming con-
soles [104].
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Another application area is in computer graphics (CG) or computer animation, where mark-
erless human motion capture systems will one day replace the commonly used marker-based
systems to transfer human motion from a performing actor to a virtual avatar. As marker-
less systems evolve, they will do away with the disadvantages of their marker-based coun-
terparts, where (•) the actors have to be equipped with several markers in a cumbersome
process, (•) the actors have to wear skin-tight clothing, (•) the actions are restricted to a
small capture volume, and (•) the final motion capture data has to undergo extensive manual
post-processing to account for errors produced by occluded and temporarily missed markers.

Many applications are interested in analyzing human motions. Clinical gait analysis tries
to detect signs for specific medical conditions based on the detailed observation of human
gait. As in human motion capturing for entertainment purposes, gait analysis is currently
performed using marker-based systems. The aforementioned limitations that come with the
use of markers are especially critical when dealing with potentially impaired patients. High-
accuracy markerless systems could thus provide new opportunities for medical research. Mo-
tion analysis is also becoming increasingly popular in the area of high performance sports,
where athletes and coaches are interested in optimizing their motion sequences. As many ex-
ercises feature complex and spatially extensive motions, equipping athletes with markers is
often not an option. We provide some examples where we have used our markerless motion
capture system to track athletic exercises in Section 4.6.3. Finally, motion analysis is of in-
terest in the area of industrial design. Ergonomic studies that aim at analyzing comfort and
user-friendliness of new products are mostly relying on the analysis of static postures. Provid-
ing precise motion sequence data that is grounded in realistic anthropometric human models
such as the one presented in Chapter 3 could yield valuable data for such studies. The car-
mockup sequence from our experiment in Section 5.3.1 is a case study from the ergonomics
community where the comfort of getting into and out of a new car design has to be assessed.

The main focus when developing the methods presented in this thesis has been on the do-
main of robotics and intelligent environments. The ability to observe and interpret human
activities is crucial when dealing with intelligent autonomous systems that should be able to
interact and to assist humans in their everyday lives. We have developed our methods in the
context of the ASSISTIVE KITCHEN at the TUM [23], where a mobile robotic platform is de-
ployed in assistive tasks in a kitchen environment to aid humans and to improve their quality
of life. Considering the problem of aging societies, such scenarios are becoming increasingly
important to enable people with minor disabilities to live independent for a longer period of
time. We believe that our system for markerless observation of humans is an important con-
tribution towards this ambitious goal, and we see it as the basis for many applications in this
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context that require the capabilities to perceive and understand human activities. We will now
present three such applications that are already being developed on top of the work presented
in this thesis.

a) b)

FIGURE 1.2 Integration of human motion capture data into a knowledge base: a) human mo-
tion capture data is retrieved using the multi-view motion tracking system proposed in this
thesis; b) the data is integrated into a knowledge base where it is aligned with input from
other perception modules (e.g. semantic environment maps or readings from the embedded
sensor network) to enable higher-level reasoning about human activities [151]. The blue
mark on the ground is the result of a query for action related places. The sequence shown is
part of our publicly available TUM KITCHEN data set [150] (Section 5.3.3). Visualization
from the knowledge base (Figure b) courtesy of Moritz Tenorth, TUM.

The first application is a knowledge base that serves as a source for practical knowledge
processing in autonomous systems [151]. Input data from several perception modules is col-
lected, synchronized and combined with encyclopedic knowledge to create a comprehensive
database that can be queried based on first-order logics. For the ASSISTIVE KITCHEN en-
vironment, the perception input is provided by a mapping module that creates 3D semantic
maps of the environment [127], by RFID and magnetic sensor readings from the embedded
sensor network that provide the location of objects and the status of doors or drawers, and by
semantically labeled human fullbody motion data retrieved by our system. Figure 1.2 shows
the original videodata with our motion capture results on top and the corresponding visualiza-
tion from the knowledge base. The knowledge base can be used to answer semantic queries
such as ’give me the hand trajectories for picking up cups’ and to learn action-related models
such as ’the place for picking up pieces of silverware’ from a set of observable features. Such
a semantic description is important for analyzing and comparing human actions at different
levels of abstraction, and provides autonomous systems with the means to learn important
concepts based on observations and experience.
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a) b) c)

FIGURE 1.3 Integration of human motion capture data into the GAZEBO 3D robot simula-
tor [113]: a) tracked human motion data b) playback of human motion data in a simulated
scene with a mobile robot c) the same scene as perceived from the robot’s perspective. The
simulated human becomes a physical entity in GAZEBO that is perceived by the robot’s
sensing devices (e.g. laser scanners). Simulation images courtesy of Mihai Dolha, TUM.

Our second application example is the integration of human motion capture data into the
GAZEBO 3D robot simulator [113]. Simulated environments are important tools in the devel-
opment of autonomous systems that help to evaluate new algorithms without requiring access
to real hardware, which can reduce costs and risks associated with the development. More
important from a scientific point of view is the use of simulators to predict the effects of ac-
tions taken by the robot, to execute a selection of high-level plans to find the best sequence
of actions to reach a goal, or to use the models of the environment for path-planning. Good
simulators provide a realistic model of the environment and are capable to accurately model
the robot’s sensors and to predict the effects of its actuators based on the laws of physics.
However, modeling humans as part of the simulation is a challenging task, given that human
motion is complex and difficult to generate. In the application shown in Figure 1.3, we record
human activities in the real environment, estimate the corresponding motion parameters, and
then playback the motion in the simulated environment. The simulated human thus becomes
a physical entity in the simulator that is perceived by the robot’s sensing devices. Algorithms
such as path-planning with dynamic obstacle avoidance can now be evaluated directly in the
simulator with a good level of realism, as the human activities directly relate to the simulated
environment.

The last application we want to use as a motivation for our work is the motion transfer of
observed human motions to humanoid robots. By nature, human motions are highly complex
and optimized depending on the current activity. Humanoid robots are an attempt to create
robots that appear human-like, so that they are more likely to be socially accepted when act-
ing in the proximity of humans. However, controlling the motion of humanoids remains a
challenging problem. Leaving stability issues aside, the parameter space for performing spe-
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FIGURE 1.4 Transferring observed human motions to humanoid robotic platforms. The first
row shows human motion capture data as retrieved by the markerless tracking system pre-
sented in this thesis. The second row shows simulation results for transferring the recov-
ered motion to the HRP2 platform (images courtesy of Kei Okada and Masayuki Inaba,
JSK Laboratory, University of Tokyo). The last row shows the same motion performed by
the ICUB humanoid [155] (images courtesy of Federico Ruiz-Ugalde, TUM).

cific actions is highly redundant, e.g. an object can be grasped by the robot in many different
ways. Yet not all of the possible motions will be human-like, and some will appear uncanny
to a nearby observer. One possibility to avoid this phenomenon is to learn the motion control
of humanoid robots by demonstration. Motion transfer from fullbody motion data retrieved
by our system is one way to do this. Figure 1.4 shows two examples where we successfully
transfered motion data captured in the ASSISTIVE KITCHEN to humanoid robotic platforms.
In the first example, the motion data has been transfered to a simulated HRP2 platform in a
cooperation with the JSK Laboratory at the University of Tokyo. The second example shows
the transfer of the same motion to the ICUB humanoid [155] of our IAS group at the TUM.

We have presented a large variety of examples where the unintrusive observation of human
fullbody motions provides the foundations for exciting new applications. The motions of a
person can be used to actively control devices, be it the light in your house, your gaming
console, or a humanoid robot. Motions reveal a lot about the intentions of a person, its mood,
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or even its health status. They can tell us about the role of objects by putting them into context
to the observed activities, an aspect that is often missed in knowledge processing. However,
the bottleneck in all these applications remains the detailed perception of human motion. We
hope to contribute with this thesis to remove some of the obstacles along the way.

1.2 Problem Description

As stated previously, knowledge about human activities can be of great value to many ap-
plications. However, the task of observing and interpreting human motions imposes many
challenges. One of the biggest obstacles on the way is the perception of humans and their
motions. Although humans have no difficulties to recognize and understand the motions of
other humans, it is incredibly difficult to achieve similar perceptual capabilities in a machine.
In this section we will describe the computational strategies and discuss some of the major
challenges and pitfalls for automated observation and interpretation of human activities.

The computational problem can be split into two parts. The first part corresponds to the esti-
mation of human motions. Because the motions of specific body parts are important indicators
for ongoing activities, we need to be able to estimate the relative positions of body parts for
the whole human body. Such a fullbody pose estimation is best performed using articulated
human models. Once articulated pose data is available for each frame in a motion sequence,
this data can be used as input to activity recognition. Here, the goal is to attach semantic labels
to human motions, i.e. to classify the observed motion patterns. By associating motions with a
meaning through semantic labels, subsequent applications are given the opportunity to reason
about human behavior and intentions.

Let us now discuss the input data that is available to solve the problem. One of our pre-
requisites is to use only inexpensive and passive sensors. The obvious choice is to use CCD
cameras, as they are among the richest passive sensors for perceiving the environment. They
capture information about the environment in terms of a two-dimensional projection of the
world on a discretized image plane, resulting in a 2D array of intensity values (i.e. an image).
Color is represented using three intensity values, one for each color channel (usually red, green
and blue). One disadvantage of cameras is that we need to infer 3D motion parameters from
2D sensors. Therefore, we make use of multiple cameras to account for this problem.

In a way, cameras resemble the human eye. However, most of the impressive capabilities
of human perception are the result of visual processes taking place in the human brain. It
is there that we reason about what we see, or in other words where we associate higher-level
semantics to the low-level input data coming from the eye. All of these capabilities are missing
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in available sensors such as cameras, and it is our task to infer meaning from the low-level data
provided by the sensors.

The seemingly impossible problem of estimating detailed human motion parameters from a
2D array of independent intensity values and to reason about the corresponding human activi-
ties can be alleviated by modeling as many aspects of the problem as possible. This includes
(•) the use of digital human models that accurately represent the shape and appearance of
humans independent of the posture taken, (•) assumptions about the initial location and pos-
ture of each persons that should be observed, (•) prior assumptions about temporal limits
of human motion, (•) knowledge about the characteristics of the sensors and a precise cali-
bration of their setup in the world, (•) models of the environment that can be used to detect
occlusions or to rule out places that are unreachable by humans, (•) the ability to extract
representative features that can be compared with the human model, and (•) the availability
of labeled exemplar data for all activities of interest.

A viable approach to estimate human motions is based on the analysis-by-synthesis prin-
ciple. The idea is to predict the human pose for the current timestep and then use a digital
model of the human to render the expected appearance for the hypothesized pose. The ren-
dered model is then compared to the current image observations to assess the quality of the
prediction. This is repeated many times, and the prediction that best coincides with the current
observation is selected as the current pose estimate.

One of the challenges in this approach is the creation of a digital human model that is both
accurate and efficient to compute. Many of today’s approaches to human pose estimation use
cylindrical models, where the body parts are modeled as cylinders attached to an underlying
kinematic structure (see Figure 2.7b in the next section). Although these representations are
efficient to compute, the realism of such models is low. At the same time, creating models
that are accurate and realistic is a challenging modeling task in computer graphics as well
as a tradeoff between accuracy and computational efficiency. Often, models that keep their
realistic appearance for the majority of possible human postures require a larger number of
free parameters, which adds to the complexity of the estimation problem. Other open problems
with respect to the design of digital human models are whether the shape should be deformable
(e.g. to model muscle contractions) or whether clothing should be modeled.

The comparison between the synthesized predictions and the image observations are usually
not performed directly by comparing the individual intensity values (i.e. through template

matching), but instead relevant features are extracted and then compared. The choice of good
features has to be well-considered, as they should be suited to discriminate between good and
bad matches. At the same time they should be robust with respect to noisy observation data
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or changing lighting conditions, both of which are unavoidable in practical situations. Typical
candidates for features are silhouette shapes, image contours or color features (see Figure 2.6
for more options). Other problems that frequently occur are shadows in the observation that
can confuse the feature extraction, or wide clothing that might alter the appearance of the
observed human subjects when compared to their digital models.

a) b) c)

FIGURE 1.5 Challenging motions as tracked by our system: a) random exercise b) shotput
exercise c) gymnastic exercise. Such motions are difficult to learn in advance.

One of the biggest challenges is the prediction of pose hypotheses. To keep the problem
tractable, the usual assumption is that the human pose is known for the last timestep. Based
on this knowledge, we want to predict the pose for the current timestep. Still, the space
of possible poses is incredibly large, due to the relatively high dimensionality of the human
model. To give an example, the challenging task of rigid body tracking in 3D has 6 d.o.f.,
whereas articulated structures such as the human body easily exceed 30 d.o.f. Therefore,
many approaches learn priors from training data to better predict human motion. However,
this strongly restricts the type of motions that can be detected, something that we want to
avoid in our work by allowing arbitrary types of motions (Figure 1.5). The price to pay is a
drastically increased state space that has to be searched efficiently to find the correct pose.

When estimating the current pose, one also has to take into account uncertainties that arise
in almost all aspects of the problem. Sensor readings are noisy, our models of the human or its
motion might be imprecise, and our observations correspond to a projection of the real world
where relevant information might be lost. Thus, we believe that the estimation problem should
be approached using probabilistic methods that are able to select the most probable solution
based on the observations made so far. Still, most of the well-known probabilistic estimators
are computationally intractable when faced with the high-dimensional problem of human pose
estimation. In addition, nonlinear motion and observation models with many local maxima
further complicate the task. A detailed discussion of these problems and suitable solutions are
presented in Chapter 4.

The challenges mentioned so far apply to the tracking of a single person in an empty room.
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a) b) c)

d) e) f)

FIGURE 1.6 Challenges encountered in cluttered and dynamic environments. First row: A
scenario where the tracking subject is occluded by a car-mockup (a); even sophisticated
motion tracking methods will fail without a model of the environment (b). Second row:
A scenario featuring a subject manipulating its environment (d); sophisticated tracking
methods will be confused by the dynamic non-human parts of the scene (e). The last
column (Figures c and f) shows the results when using methods proposed in this thesis.

When trying to track humans in natural environments during everyday activities, additional
challenges arise. Humans can be occluded by parts of the environment, which might create
discrepancies between expected features and the observations. Occlusions can be complex,
e.g. a table might occlude the legs of the person while the arms are visible above the table.
Furthermore, many human activities involve the manipulation of objects or parts of the envi-
ronment. These activities might again create discrepancies between the observations and the
predicted appearance due to occlusions from manipulated objects. This also complicates the
feature extraction step due to dynamic objects that are present in the scene (e.g. when seg-
menting silhouette shapes). Finally, humans might not be alone in the scene, i.e. when several
humans interact. This requires mechanisms to distinguish between features corresponding to
each of the humans. Figure 1.6 indicates why it is important to consider these problems, which
to date have been only insufficiently covered by human motion capture research.
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All of the challenges mentioned so far have been related to the observation of human mo-
tions. The ultimate goal in human-robot-interaction (HRI) however is to understand human
behavior. To achieve this, one must be able to associate semantic labels with the observed
motions, so that robots will be enabled to reason about human activities and intentions. The
problem of assigning these labels is a classical machine learning task referred to as activity

recognition. Two research directions are typical for vision-based activity recognition. The
model-free approach is to learn a direct mapping between image features and action classes.
The main challenge here is to find a set of discriminative features that can be reliably detected
under all conditions. The alternative model-based approach is to use pose parameters derived
from human pose estimation as features for activity recognition. While pose parameters are
potentially rich and representative features for activity recognition, the main bottleneck for
this class of approaches remains their estimation.

1.3 Contributions

The work presented in this thesis contributes to a broad range of research and application
areas within computer science, although our main research interests are in computer vision

and robotics. The result and main contribution of our research is an integrated system for
observation and interpretation of complex human activities. The system is able to accurately
estimate human fullbody motions for a large spectrum of activities in realistic environments.
This includes manipulation actions where objects are being handled and where interactions
with the environment or between humans take place. On top of that, it can be used to recognize
ongoing activities by inferring the semantic labels from the observed motion patterns.

The following theoretical and practical contributions have led to the development of this sys-
tem and add to its high accuracy and robustness:

• We have adapted an anthropometric human model from the ergonomics community for
use in markerless human motion tracking. We introduced the following optimizations
to account for the specific requirements in high-dimensional pose tracking: (•) ergo-
nomically sound interpolation of the spine to reduce the dimensionality of the pose
parameters; (•) estimation of biomechanical inter-frame motion limits to reduce the
state space during prediction; (•) caching of body-part dependant pose calculations to
improve the computational efficiency of the model. Furthermore, we have learned a
reduced set of shape parameters for the model that enables us to quickly adapt the shape
and size of the model to match the tracking subject. In summary, the presented model
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provides us with an efficient yet accurate biomechanical representation of human shape,
posture and motion.

• We present a novel hierarchical sampling strategy for high-dimensional pose estima-
tion in a probabilistic framework. Our algorithm combines hierarchical state space de-
composition with a multi-layered search and parallel partitioning schemes to create a
target-oriented yet highly diversified sampling strategy. It has been shown to be effec-
tive at finding the global maximum of a nonlinear weight function with lots of local
maxima. This branched iterative hierarchical sampling algorithm outperforms state-of-
the-art Bayesian methods for articulated pose tracking and is a key contributing factor
to the high accuracy and constant reliability of our human pose tracking method.

• We introduce a simple yet effective color-based appearance model that can be used to
enrich shape-based observation models with color information. This appearance model
is also an integral part of our layered environment models that combine shape and ap-
pearance information to provide an implicit way to model the environment without the
need for 3D models. This allows us to deal with cases of environmental occlusion that
occur when (•) a subject manipulates objects or parts of the environment, (•) parts
of the environment can both occlude and be occluded by humans (e.g. tables), or when
(•) two interacting subjects are tracked at the same time.

• We present self-training motion models that learn environment- and task-specific motion
patterns over time. This is used to improve the prediction and thus the computational
efficiency of our tracking system. We use spatio-temporal neighborhood graphs that
are closely related to ST-Isomap [74] as an efficient and incrementally extendable rep-
resentation for learned pose manifolds.

• We additionally use spatio-temporal neighborhood graphs for activity recognition by
providing semantically labeled training sequences. The semantic labels are retrieved
during tracking, which facilitates reasoning about the currently observed activities.

The validity of all proposed approaches has been proven in extensive experimental evaluation
on challenging benchmarks and video sequences. These include the HUMANEVA benchmarks
for markerless human motion capture, sports sequences for shot-put and floor exercises, er-
gonomic case studies in a car mock-up, and human manipulation activities in a kitchen envi-
ronment. In particular, we created the publicly available TUM KITCHEN Data Set [150] that
currently consists of 21 sequences of everyday manipulation activities performed by 4 differ-
ent subjects in our kitchen environment. We provide the original calibrated video sequences,
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human motion capture data as retrieved by the system presented in this thesis, semantic activity
labels for every frame, and complementary sensor readings from RFID readers and magnetic
sensors embedded in the environment.

Our research on human pose tracking and activity recognition resulted in several peer-
reviewed publications that are all based in parts on work presented in this thesis [16, 18,
17, 150, 20, 21, 23, 51, 145]. Furthermore, several research projects at the TUM IAS group
build upon the work presented in this thesis.

1.4 Thesis Outline

The remainder of this thesis is organized as follows:

Chapter 2. Overview: We give a general overview on strategies for observing and interpret-
ing human activities. This is split into a brief overview of the setup and algorithmic
methodology used in our system (Section 2.1) and related work on both human motion
capture and human activity recognition (Section 2.2). This chapter is recommended
for readers that want a short but comprehensive introduction on the research topics ad-
dressed in this thesis and on related alternatives.

Chapter 3. Anthropometric Human Model: We present and discuss the anthropometric hu-
man model used in our system. This model contributes to the accuracy and realism of
the estimated pose sequences due to its realistic appearance. We present both relevant
specifications of the model as well as algorithmic improvements that are tailored to-
wards the use of the model in tracking applications.

Chapter 4. Human Pose Tracking: We discuss human pose tracking and present our con-
tributions. We start by giving an introduction to recursive Bayesian estimation which
corresponds to the probabilistic framework used for tracking. We then discuss common
Bayesian estimators such as the Kalman filter, the extended Kalman filter and particle

filters, and motivate the use of a particle filter framework (Section 4.1). We present our
choice for the motion model (Section 4.2) and the observation model (Section 4.3) that
define how to predict the motion between timesteps and how to match our predictions
to the current image observations. Due to the high-dimensionality of the state space
when tracking articulated human models, standard particle filtering becomes computa-
tionally intractable. In Section 4.4 we discuss state-of-the-art variants of particle filters

that utilize hierarchical sampling strategies to make pose tracking feasible. We also
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point out weak spots and limitations of these methods. In Section 4.5 we then introduce
branched iterative hierarchical sampling as a novel hierarchical sampling strategy that
combines complementary strengths of the aforementioned approaches in a highly diver-
sive sampling strategy that is accurate and robust to noisy observations. We consider
this sampling strategy as one of the key contributions of this thesis. We justify our view
by extensive evaluation of the methods presented in this chapter on simulated and real
sequences (Section 4.6).

Chapter 5. Appearance and Environment Modeling: We show how to apply our human
pose tracking methods to track complex manipulation activities in everyday environ-
ments. We first introduce a color-based appearance model for our digital human model
and show how it can be used to augment the shape-based observation model presented
in the previous chapter (Section 5.1). The appearance model is also used in the lay-
ered environment models presented in Section 5.2 that provide the means to implicitly
model the environment. They are used to model occlusions and to filter dynamic objects
(possibly being manipulated by the human) or dynamic parts of the environment (e.g.
doors). We again present extensive experimental evaluation of our proposed methods
on several challenging sequences, including a car-mockup scenario with occlusions and
complex manipulation activities in a kitchen environment (Section 5.3). We also intro-
duce the TUM KITCHEN data set where we provide 21 sequences of kitchen activities
from 4 different subjects combined with complementary sensor data. Finally, we present
a joint-action scenarios of two humans interacting in the kitchen.

Chapter 6. Learning Models of Human Motion: We present a method to learn environment-
specific models of human motion that are used to improve the prediction of human
poses and to recognize human activities. In Section 6.1.1 we introduce spatio-temporal

neighborhood graphs that allow us to learn pose manifolds from training data. In Sec-
tion 6.1.2 we show how motion models can be learned incrementally using the human
motion tracker presented in Chapter 4, and how to use them to improve motion predic-
tion and thus the efficiency of our tracker. Finally, we show in Section 6.1.3 how these
models are used for activity recognition. We evaluate our contributions in Section 6.2
on several sequences from the HUMANEVAII and TUM KITCHEN data sets.

Chapter 7. Conclusion: We conclude with a summary of this thesis and a discussion of
open research challenges and future work.
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CHAPTER 2

Overview
Strategies for Observing and Interpreting Human Activities

In this chapter we will give an informal overview on methodologies for observing and inter-
preting human activities. It is meant to introduce some of the underlying concepts and strate-
gies that are commonly used in the related research areas, and to facilitate the understanding
of the remaining chapters of this thesis. Readers that are already familiar with the concepts
involved in human pose estimation and activity recognition may safely skip this section.

We will distinguish between the observation of human motions and the recognition of hu-
man activities. When talking about the observation of human motions, the goal is to provide
a mathematical description of the observed motions. Usually, the motion is described as a
sequence of postures and the mathematical description corresponds to the parameterization
of an articulated digital human model. The task of estimating these parameters is generally
known as human pose estimation (for single frames or motion sequences) or also as human

motion capture (only for motion sequences). When the poses are estimated iteratively based
on a known initial pose, the task can be referred to more specifically as human pose tracking

or human motion tracking. The recognition of human activities on the other hand aims at
providing semantic labels to coherent sequences of human motions. This is known as human

action recognition or human activity recognition. Often, the mathematical description of the
observed human motion sequence serves as an input for the activity recognition.

In the next section we will provide a general overview on our system for markerless human
motion capture and activity recognition, which we will describe in greater detail in the remain-
ing chapters of this thesis. We will describe the scope of our work, the underlying components,
and their interplay. We will then present related work on marker-based and markerless human
motion capture and on human activity recognition. This should help to provide the reader with
broad knowledge on taxonomies and common approaches in these research areas, and also to
classify the work presented in this thesis with respect to other approaches.
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2.1 System Overview

We will now give a brief overview on the system for observing and interpreting human motions
that we developed and that constitutes the foundation of this thesis.

The main component of our system is the observation of human fullbody motions from
camera images. As opposed to marker-based tracking systems that are commercially available
in a wide variety (see Section 2.2.1 for an introduction), we use an unintrusive setup where
the human subjects need not be specifically prepared prior to observing their motions. This
enables a variety of new application scenarios that would not be feasible using intrusive meth-
ods (e.g. long term observations of humans in their everyday environments). However, the
increased flexibility brings along new algorithmic challenges, as it is no longer possible to use
easily detectable markers to locate the positions of body joints.

· · ·

· · ·

· · ·
FIGURE 2.1 Camera setup for human motion capture. A minimum of three cameras records

the subject from different viewpoints. The resulting image streams serve as input for our
pose tracking algorithm. The subjects need not wear any markers, but their clothes should
stand out from the background. Except for the cameras, the setup is completely unintrusive.

Figure 2.1 shows the principle setup used in our system. Multiple cameras are placed in
the environment to observe the human subject from different viewing directions. This setup is
comparable to that of optical marker-based systems, with the exceptions that it is unintrusive
and that three cameras are sufficient for our task (assuming there are no occlusions). The
required hardware is affordable and easy to obtain (standard CCD cameras at low resolution
and a desktop computer to capture and process the video streams). The image streams recorded
by the cameras then serve as the input to our pose tracking algorithms.

We use a model-based tracking approach to estimate fullbody poses of the observed human
recursively based on the estimate from the previous timestep. This requires that an initial pose
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Adapt
Shape

Adapt
Pose

Learn
Colors

FIGURE 2.2 Model initialization before starting the pose tracking algorithm. A digital human
model is first fit to the tracking subject by adapting its size and shape. Then, the pose of
the model is adapted to match the first frame for tracking. Finally, the color appearance of
the model is learned (this is actually an incremental process, see Section 5.1.2).

estimate is known before starting the tracking. Furthermore, the human model that is used for
tracking must be adapted to the current subject to match its appearance. Figure 2.2 depicts
the necessary steps for model initialization. In a first step, the default model is adapted to
the shape and size of the human subject. This step is important, as a good estimate of the
relative positions of the joints in the model helps to achieve good tracking accuracy. In the
second step, the model is adapted to the pose of the subject in the first frame of the tracking
sequence. Based on this frame, the tracking is then performed frame-by-frame. A third and
optional initialization step is to learn the appearance of the tracking subject in terms of colors
or textures of the model. This step is optional and only necessary when color or texture
features are required during estimation (see Chapter 5). In practice, the colors of the model
cannot be learned from the initial frame only, but have to be learned from several frames with
known poses. Alternatively, they can be refined during tracking.

Throughout this thesis we will assume that initialized models for the tracking subjects are
readily available, and that the initial pose is known. In our system, these steps are performed
manually by the user with the help of a graphical user interface (GUI) that allows for fast
adaptation of shape and pose parameters of our human model. Both shape and pose adaptation
can be performed by an experienced user in just a few minutes. To simplify the adaptation
of the model shape, we introduce a special reduced parameterization in Section 3.2. This
parameterization has the potential to be used for automatic shape adaptation of the model,
however the automatic initialization of shape and pose parameters is out of the scope of this
thesis. The shape adaptation of the model is necessary only once per subject, so that practical
applications could store initialized models based on the identity of the tracking subject. In
contrast, the initialization of the pose is necessary for every continuous sequence to be tracked.
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However, this needs to be done only approximately due to the large convergence radius of the
pose tracking algorithms proposed in Chapter 4. Experiments have shown convergence up to
a pelvis translation of about 0.5 m when the initial posture roughly resembles the observed
pose.

a)
Extract

Features
Current Observation Foreground Silhouettes

b)

... ... ...

Create

Hypotheses

Render

Features

Previous Pose Pose Hypotheses Rendered Silhouettes

c)

∀
Hypotheses

Evaluate

Match

Get Best

Estimate

Current Pose

Foreground Silhouettes

Rendered Silhouettes

FIGURE 2.3 Schematic diagram for one timestep of human pose tracking: a) the current image
observations are used to extract relevant features; b) the known previous pose is used to
create hypotheses of the current pose, and the expected corresponding features are rendered
for each hypothesis; c) the expected features for each hypothesis are matched against the
observed features, and the best match is selected as the estimated pose. In this diagram
we use human silhouettes as features, according to the shape-based observation model
described in Section 4.3. These features can be augmented by color features as described
in Section 5.1.2.

Once the initialization is done, our pose tracking algorithm processes the observed se-
quence frame-by-frame to estimate the corresponding sequence of poses (Figure 2.3). In each
timestep, the input to the tracking algorithm consists of the current image observations and
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General Prediction ⇒
Normal Tracking Step

Improved Prediction
⇒ Fast Tracking Step
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If Motion

Known
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Retrieve
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FIGURE 2.4 Using environment-specific motion models to improve the prediction for human
motion tracking and to recognize human activities. The motion model is trained with previ-
ously observed motion patterns that are typical for a specific environment. During tracking
it is used to compare trained patterns with motion snippets that encode the short-term mo-
tion history of the last estimated pose. Whenever correspondences are detected, they are
used to predict the current pose with greater accuracy using the information stored in the
motion model. This allows us to use a computationally more efficient scheme for tracking.
If no correspondences were found, a normal tracking step with a general motion model is
performed. The newly estimated (unknown) pose is then used to update the motion model.
In addition to its use for motion prediction, the motion model can be used to recognize
actions or activities whenever semantic labels have been provided with the training data.

the pose estimate from the last timestep. Tracking itself works in an analysis-by-synthesis

manner. Based on the previous pose we create several hypotheses that predict the current pose
(using the motion model in Section 4.2). These hypotheses are used to render (or synthesize)
image features as they would be expected to be observed in the cameras (Figure 2.3b). The
rendered image features are then compared to real features extracted from the current image
observation (Figure 2.3a). This is done for all hypotheses, and the best matching hypothesis is
selected as the current pose estimate (Figure 2.3c). The type of features and the procedure of
comparison is defined by the observation model. We use a shape-based observation model that
compares silhouettes extracted from the camera images by means of foreground-background
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segmentation (Section 4.3). Furthermore, the features can be augmented by color features as
described in Section 5.1.2. Note that the preceding description of our pose tracking algorithm
is an illustrative simplification of the true underlying probabilistic framework presented in
Chapter 4.

The space of possible human poses is very large, and human motion patterns can be complex
and hard to predict. This has to be taken into account when generating pose hypotheses during
tracking, i.e. when predicting the next pose. When no prior knowledge about the type of
observed motion is available, we have to generate and evaluate a large number of hypotheses
to end up with a good final pose estimate. One possibility to improve the prediction is to
learn models of human motion from training data. However, good training data is difficult
to come by and often requires the use of expensive marker-based motion capture systems. In
the end, trained motions are often unrelated to motions that are specific to an environment,
and thus of no practical use. In our system we learn environment-specific motion models over
time and use these to improve our prediction for repeatedly observed activities. Figure 2.4
depicts this strategy. In each timestep, we use the current motion history to create so-called
motion snippets that represent a short motion pattern. These motion snippets are matched
against the learned motion model to check for corresponding motion patterns. Whenever no
match is found, we use the tracking scheme as illustrated in Figure 2.3 with an uninformed
(and computationally expensive) motion model to create the new pose hypotheses. The final
pose estimate is then used to self-train the environment-specific motion model and therefore
to account for future detections of similar motion patterns. Whenever known motion patterns
are detected however, we use knowledge about likely successors that is derived from previous
observations to create potentially much more accurate pose hypotheses. Due to the improved
prediction, we can then switch to a more efficient tracking step (again according to Figure 2.3
but with less hypotheses required for evaluation).

The learned environment-specific motion models are not only used to improve the predic-
tion of our tracking system, but also to perform activity recognition during tracking. Our
straightforward approach is to train the motion model with semantically labeled pose se-
quences, so that every motion pattern is associated with an action or activity label. When
looking up motion correspondences during each tracking step, we can then retrieve the best
matching action labels to estimate the currently observed activity, as illustrated in Figure 2.3.

After tracking a sequence of human motion, we suggest a post-processing step to smooth
the estimated pose sequence as described in Section 3.4. This then results in a realistic and
steady motion sequence.
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2.2 Related Work

A large body of related work is available both in the context of human motion capture and
human activity recognition. We will discuss the main concepts and present corresponding
references in the following sections. For human motion capture, we will present both marker-
based and markerless approaches, but the main focus will be on markerless approaches in
accordance with the scope of this thesis.

2.2.1 Marker-based Human Motion Capture

The vast majority of systems for human motion capture are marker-based. Such systems
are intrusive and require the subject to be equipped with several passive or active markers.
As these markers need to be attached close to the body, the subjects are further required to
wear skin-tight clothing. Marker-based systems can be divided into optical or non-optical
systems. Optical systems [147, 146, 37] use calibrated camera arrays to detect the markers
in several images and to triangulate their 3D positions. To ease the detection of markers, one
can use either active markers that periodically emit light to identify their position [146, 37], or
passive markers that reflect light emitted by special lightsources near the cameras (e.g. infrared
light) [147]. Amongst the non-optical systems are magnetic systems [40] where the 6 d.o.f.
pose of the markers inside a magnetic field is measured based on the relative magnetic flux
(Figure 2.5). These systems require less markers and are able to detect these even when they
are visually occluded, but the capture volume is usually smaller when compared to optical
systems, and metallic objects can confuse the measurements. Inertial systems [153] use small
inertial sensors (e.g. gyroscopes) that are attached to the body and translate the measured
motion directly onto a biomechanical model of the human body. These systems do not require
external cameras or emitters which makes them more convenient to apply in many situations,
but they can suffer from positional drift due to errors accumulating over time.

2.2.2 Markerless Human Motion Capture

Early approaches on markerless vision-based human motion capture mostly target monocular
tracking and therefore often rely on two-dimensional human models. The used 2D models
are often made up of image patches that correspond to individual body parts and that are con-
nected at the body joints (Figure 2.7a). Such models have been presented by Cham and Rehg
as scaled prismatic models [38, 165] or by Ju et al. as cardboard models [75, 67] and differ in
the number of free parameters for each body part. While scaled prismatic models are parame-
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FIGURE 2.5 Magnetic system for marker-based motion capture. In this example, the system is
used to record grasping motions. The glove is equipped with several markers to detect the
articulated pose of the hand. Image courtesy of Alexis Maldonado, TUM.

terized by an in-plane rotation and relative scaling, cardboard models are additionally able to
model perspective deformations of body patches by using 3D motion parameters for each body
part. Felzenszwalb and Huttenlocher introduced pictorial structures [52, 120] that are related
graphical models where the spatial arrangement of parts as well as their appearance is param-
eterized by probability distributions. 2D models are still in widespread use today [165, 120],
as they provide reasonable results for motion estimation based on single camera views. They
are mostly used in bottom-up approaches where body parts are first detected independently
and then combined to a final connected posture that corresponds to the most consistent pose
given the available image observations [120]. However, the lack of 3D information restricts
the aforementioned approaches to rough approximations of the true postures. The typical
complexity of 2D models is around 22 d.o.f. [165].

Agarwal and Triggs [3] extract more detailed and precise 3D poses from monocular camera
views by learning a mapping from observed shape features to the corresponding pose pa-
rameters of human models. The mapping is learned from humans silhouettes that have been
synthetically generated using available human motion capture data (a similar approach using
multiple cameras is taken by Grauman et al. [63]). Statistical inference is then used to recover
unknown 3D pose parameters from the mapping and extracted foreground silhouettes. A re-
lated approach by Howe et al. [69] tries to compensate for missing 3D information by learning
patterns of human motion from training data. Sigal and Black [137] first estimate 2D postures
in a bottom-up approach before attempting to classify the corresponding 3D motion sequence.
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As only small subsets of all possible human motions (e.g. walking) can be learned directly
at reasonable expense, several methods use more than one camera view to obtain precise 3D
measurements of unconstrained human motions. An intermediate step is taken by approaches
that use stereo cameras to acquire the missing 3D information that is necessary for accurate
pose estimation [112, 64, 11]. Such methods can achieve good results in many application ar-
eas, however they remain viewpoint-dependant when it comes to self-occlusions in the human
body, due to the relatively small baselines between cameras in a stereo-rig. Therefore, a large
amount of published work uses multiple cameras that differ substantially in their viewing di-
rections. This can lead to improved pose estimation accuracy when used in combination with
three-dimensional human models.

Approaches that use 3D models with multiple cameras are usually top-down approaches, i.e.
the pose parameters of the model are first predicted and then evaluated based on the available
image information. They can be further distinguished according to several criteria.

Probabilistic approaches try to infer the solution using recursive Bayesian estimation. As
a closed-form solution is computationally intractable due to the nonlinear probability dis-
tributions in both the motion and observation models, the solution is usually approximated
using sequential Monte Carlo methods (particle filters). Common approaches such as sam-

pling importance resampling fail due to the high dimensionality of the problem. Deutscher
and Reid [46] proposed the annealed particle filter that is related to the method of simu-

lated annealing [81] to evolve the particle set towards the global maximum of the weight
function. MacCormick and Isard [94] introduced partitioned sampling to estimate the param-
eters of articulated models by splitting the state space into hierarchical partitions that can be
evaluated sequentially, thus reducing an initially high-dimensional estimation problem into
several lower-dimensional problems. Mitchelson and Hilton [99] presented a variant of hi-
erarchical sampling where partitions are evaluated in parallel to increase efficiency. Wang
and Rehg [165] have evaluated non-hierarchical variants of particle filters in the context of
monocular figure tracking.

Other work uses deterministic as opposed to stochastic methods. Here, the parameters
are estimated based on nonlinear optimization [31, 79, 58, 83]. A good initial estimate is
necessary to avoid getting stuck in local minima of the objective function. This can have a
negative impact when tracking at low video sampling rates, where the motion between two
timesteps is large. Rosenhahn et al. [121] use several randomly chosen starting points for the
optimization to reduce the risk of getting stuck in local minima. Bray et al. [29] circumvent
this problem by combining nonlinear optimization with Monte Carlo methods. They present
results on a hand tracking sequence, a task comparable to human motion tracking due to
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the similar kinematic structures of articulated hand models and human models. Ivekovič et

al. [72] presented a closely related approach where they use particle swarm optimization to
track upperbody movements. Several approaches use variants of the iterative closest point

(ICP) algorithm to register the human model to a 3D point cloud [65, 109, 82].

a) b) c) d)

e) f) g)

FIGURE 2.6 Features commonly used in human pose estimation: a) original image b) sil-
houette/contour shapes c) image edges d) color features e) optical flow f) visual hull
extracted from 4 cameras g) visual hull extracted from 16 cameras. All visual hull images
courtesy of Alexander Ladikos, TUM [89].

Another possibility to distinguish approaches for 3D human pose estimation is given by the
different observation models that are used (Figure 2.6). Feature-based observation models of-
ten compare foreground silhouettes/contours that have been extracted from the current image
with the projections of the human models for the estimated pose parameters [46, 121]. Ex-
tracted image edges are also commonly-used features [162, 141, 46], however they can lead
to inaccuracies due to folds in the clothing of the subjects (Rosenhahn et al. [122] present
a method that uses physics-based models of human clothes to track a woman wearing a
skirt).Sminchisescu and Triggs [141] and Brox et al. [32] use optical flow as a complementing
feature to the human contour. Some approaches use appearance models based on color or
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texture information [168, 15]. Methods that build 3D reconstructions of the human surface
from multiple cameras (so-called visual hulls) are becoming increasingly popular. They can
be used to measure the deviation between the surface of the human model and the nearest
reconstructed 3D points [97, 79, 68]. Other related approaches do not use explicit models at
all and estimate the body joint positions directly from clusters of 3D points that share the same
motion patterns [39, 6]. Methods that utilize visual hulls require a large density of cameras
in the environment to be able to reconstruct the observed subject at good accuracy (usually a
minimum of 8 cameras is needed, see Figures 2.6f and 2.6g).

a) b) c) d)

e)

FIGURE 2.7 Different types of digital human models used in human pose estimation:
a) 2D planar model as used for monocular tracking b) 3D cylindrical model c) 3D model
based on superellipsoids (reprinted from Kehl and van Gool [79], c© 2006 Elsevier)
d) 3D model with implicit surface defined as a blending of 21 ellipsoids (reprinted from
Horaud et al. [68], c© 2008 IEEE) e) 3D SCAPE model with deformable surface mesh
(reprinted from Anguelov [5], c© 2005 Dragomir Anguelov, Stanford University).

The 3D human models that are being used can also help to categorize approaches. While
almost all 3D models are based on an underlying kinematic structure that resembles the hu-
man skeleton (at different levels of detail), they differ in the way that the outer shape or
flesh and skin of the human is modeled. Volumetric outer models try to approximate body
parts with geometric primitives such as ellipsoids [168], cylindrical shapes [161, 82] (Fig-
ure 2.7b) or truncated cones [46], superquadrics or superellipsoids [79] (Figure 2.7c). In
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contrast to these implicit surfaces, other models use explicit surfaces that are provided by
polygonal meshes [121, 55]. Such surfaces can be derived from body scans of the subject (e.g.
through laser scans) and often seem more realistic than their implicit counterparts. Plänkers
and Fua [112] and Horaud et al. [68] use smooth implicit surfaces that provide a level of re-
alism that is comparable to explicit surfaces through blending of several implicit geometric
primitives (Figure 2.7d). Such models can additionally be augmented with explicit surfaces
for fine details [112]. Anguelov et al. [7] have introduced the SCAPE model [102, 13, 66]
(Figure 2.7e) whose surface parameters have been learned from 3D laser scans of several hu-
man subjects in varying poses. The resulting surface mesh is deformable with respect to body
size and posture, and enables accurate display of human shapes up to the level of muscle con-
tractions. SCAPE is not associated with an inner kinematic structure, although extensions have
been presented to estimate the underlying skeleton [6]. The impressive realism of the model
comes at increased computational expense, which makes it difficult to apply SCAPE-like mod-
els for tracking tasks. The 3D human models typically used in markerless tracking approaches
range from around 24 d.o.f. [79] to 34 d.o.f. [46].

To cope with the high dimensionality of the state space for human poses and the resulting
difficulties in estimating these parameters, many approaches make use of machine learning
techniques to solve the task. In the simplest case one can learn strong motion priors for specific
motions to limit the search space when tracking [14]. Some approaches project training mo-
tions from the high-dimensional state space to a low-dimensional manifold, using techniques
such as principal component analysis [158] or Gaussian process dynamical models [157, 163].
The low-dimensional manifold can then be used in a generative manner to create predictions
for the next states. Taylor et al. [148] learn binary latent variable models that can be used for
the same purpose.

Another class of exemplar-based methods [63, 3, 156, 26, 28] learns a direct mapping be-
tween observed image features such as silhouettes or SIFT features [91] and the corresponding
human poses, which makes them easy to implement and to apply. Such methods are con-
stricted to the type of features they have been trained with and training has to be redone when
transferring to environments with different camera perspectives. Elgammal and Lee [50] learn
a mapping from extracted features to a low-dimensional pose manifold that is then used to
interpolate the high-dimensional 3D pose.

An advantage of exemplar-based techniques is that pose estimation can often be imple-
mented efficiently once the training set has been processed. When implemented with care,
such methods can reliably detect poses that correspond to known motions. The downside is
that they are not capable to generalize over motions that are missing in the training set. Al-
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though recent advances have made it possible to train discriminative methods on larger training
sets [156, 26], the generation of all possible exemplar postures necessary to detect arbitrary
motions remains intractable. Bourdev and Malik [28] present an interesting approach that is
able to generalize to poses outside of the training set by training a multitude of poselet clas-
sifiers for subparts of the body that can be stitched together to retrieve previously unobserved
poses. The tradeoff for the increased generality is the high computational cost associated with
evaluating all poselet classifiers.

Vondrak et al. [161] use physics-based motion priors to constrain the rigid-body motion of
body parts based on forces exhibited by human motor control and by environmental contacts.

Fully integrated markerless and thus unintrusive systems are emerging only slowly in real
world applications, due to the immense algorithmic and practical challenges associated with
these methods. The ORGANIC MOTION STAGE [142] system is the only serious competi-
tor on the market to date. Similar to optical marker-based systems it uses a large array of
cameras to capture human motions inside a capture volume. It requires an empty room with
an uncluttered and distinct background to compute the visual hull, from which the kinematic
parameters are then extracted. Most markerless systems presented in the scientific commu-
nity have been evaluated only on short sequences and lack the final prove of robustness and
applicability in practical scenarios. The PFINDER system by Wren et al. [168] uses a statisti-
cal blob-based model to keep track of human body parts in real time. It has been applied in
a variety of contexts including gesture recognition, telepresence applications and ubiquitous
environments, however the level of accuracy of the system is insufficient for motion analysis
or animation tasks. Knoop et al. [82] developed the VOODOO system that uses a cylindrical
body model to track articulated human motion in realtime from a mobile robot. Ramanan et

al. [120] have successfully applied their method for monocular human pose detection using
planar 2D models on extended sequences including a full feature-length movie.

A more comprehensive summary of related work on markerless human motion capture is
provided by the surveys from Gavrila [59], Moeslund et al. [100, 101] and Poppe [114].

2.2.3 Human Activity Recognition

Action recognition or interpretation of human motions aims at assigning higher-level seman-
tic labels to human motion patterns. This facilitates the recognition of ongoing activities and
intentions when combined with context information. Video-based action recognition can be
roughly divided into two research directions. The first class of methods provides a direct map-
ping of image cues to action classes without the intermediate estimation of model parameters.
An alternative class of methods is model-based, where parameters of a representative model
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are determined in a first step, and then used to perform action classification in phase space.

FIGURE 2.8 Space-time-shapes for action recognition. Human silhouette shapes extracted
from video sequences are stacked in temporal direction to create a 3D shape. Geometry
features extracted from this shape are then used as input for classification. Such holis-
tic approaches to activity recognition do not extract pose parameters using human motion
capture methods, but instead use simple features that are extracted directly from the image
stream. However, this makes them viewpoint-dependant and subtle activities are difficult to
distinguish. Images are taken from our own work on holistic activity recognition [125, 126].

Model-free methods can be divided into global/holistic approaches and patch-based ap-
proaches. Holistic approaches consider image information as a whole, e.g. by using silhou-
ettes [27], edge images [164] or optical flow fields [48]. Bobick et al. [27] have introduced
motion-history-images as a 2.5D representation of actions, where silhouettes are overlaid on
a single image with brightness corresponding to the distance in time. Blank et al. [25, 62]
create space-time-shapes from extracted silhouettes by using time as the third dimension (Fig-
ure 2.8). A similar technique was independently proposed by Yilmaz and Shah [170] as spa-

tiotemporal volumes. Weinland et al. [166] create view-independent representations of human
motions by fusing silhouettes from multiple cameras to obtain visual hulls, that are then aug-
mented with temporal information to form 3.5D motion-history-volumes (extending motion-

history-images [27] by another dimension). In contrast to holistic approaches, patch-based ap-
proaches extract only selected salient features and group them for classification, which helps
to overcome problems in the case of partial occlusions [107].

In model-based approaches, the most commonly used parameters for action classification
are joint angles or joint positions of articulated human models [133, 88]. Such parameters are
invariant to translations, scale and rotations, and form a rich and comprehensive representation
of human movements. They are well suited for recognition and provide high recognition rates
especially for more subtle motions. However, the model parameters are difficult to extract by
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unintrusive means, so most of the methods rely on commercial marker-based motion capture
systems for retrieving the joint parameters. Markerless motion capture systems [46, 121, 79,
68] provide an alternative, but are yet computationally demanding and lack robustness and
general applicability.

Besides the feature extraction step, classification plays an important role. Here, an ac-
tion label or a probability distribution over multiple labels is associated with the observed
features. Nearest neighbor classification is probably the simplest method for selecting class
membership. Sometimes, dynamic time warping is used to achieve invariance with respect
to the speed of the motion [160]. Better recognition rates and a better generalization can be
achieved by using discriminative classifiers such as support vector machines (SVM) [128].
Another class of methods is modeling an action in state space as a set of states and transitions.
Hidden markov models (HMM) e.g. can be used for recognition as well as for generation of ac-
tions [85, 92, 110, 36]. Closely related are probabilistic grammars [98]. Ogale et al. [106] use
context-free grammars to describe actions as a sequence of keyframe silhouettes. Such gen-
erative models are usually learned separately for all action classes. Sminchisescu et al. [140]
use conditional random fields (CRF) as discriminative graphical models to achieve better sep-
aration of action classes.

More detailed surveys on human action recognition are provided by Krüger et al. [86] and
by Poppe [115].
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Anthropometric Human Model
Biomechanical Representation of Human Shape, Posture and Motion

Digital human models play an important role when observing and interpreting the motions of
human subjects. In particular, most approaches to human pose estimation are model-based.
Several types of models have been proposed over the years to capture the kinematic structure
of the human body (i.e. the skeleton) as well as its geometry and appearance (i.e. the flesh and
skin). Such models are able to provide a mathematical abstraction of human postures and ap-
pearance as a compact set of parameters to the model. They are often used to hypothesize the
visual appearance of a specific human subject given a predicted pose, and to compare the ren-
dered (or synthesized) hypothesis with the current image observation (analysis by synthesis).
Advanced models can also be used to restrict the space of valid pose parameters respectively
the configuration of body parts to meaningful and physiologically realistic postures.

Good human models should be able to accurately represent the shape and appearance of
human subjects based on the subjects posture or motion. Depending on the application, the
representation should also be compact and if possible intuitive. Therefore, the design or choice
of a suitable model is a tradeoff between accuracy and computational simplicity. It is further-
more determined by the task at hand, e.g. 2D models might be better suited for monocular
tracking, but they will not reach the realism achievable by more sophisticated 3D models.

There is a large body of work on human models that can be classified into 2D and 3D
models. 2D models typically consist of image patches for each body part that are connected
at the joints (Figure 2.7a). Such simple models are commonly encountered in monocular
pose estimation tasks as a consequence of the missing depth information. Body patches are
parameterized by in-plane rotations and a scale factor to model the distance from the camera
(such models are known as scaled prismatic models [38, 165]). Cardboard models [75, 67] are
extensions with additional parameters for 3D motions to model perspective deformations of
the body patches. Pictorial structures [52, 120] are related graphical models where the spatial
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arrangement of parts as well as their appearance is parameterized by probability distributions.
They are often used in a bottom-up manner, i.e. body parts are first localized independently,
and the detections are then combined to form the most probable consistent posture [120].

3D models provide a more faithful and accurate reproduction of humans. They are usually
composed as a tree-like kinematic structure (i.e. skeletons) with associated geometry (i.e. skin
and flesh). Volumetric models use geometric primitives to implicitly describe the geometry
of body parts using just a few parameters. Commonly used primitives are ellipsoids [168],
cylinders (Figure 2.7b), truncated cones [46], or superellipsoids [79] (Figure 2.7c). A more
accurate outer appearance can be achieved by blending of geometric primitives [112, 68]
(Figure 2.7d) or by specifying explicit surfaces as polygonal meshes [121, 55]. The SCAPE

model [7, 102, 13, 66] (Figure 2.7e) is a precise 3D model whose surface mesh is deformable
both with respect to body size and posture. Its surface parameters have been learned from a
multitude of 3D laser scans of human subjects in varying poses, enabling accurate geometric
display of humans up to the level of muscle contractions. However, such precisely deformable
models come at increased computational expense which makes them difficult to apply for
tracking tasks.

In our work we take the new approach to integrate the digital human model RAMSIS [129,
33, 130] for tracking of human motions (Figure 3.1). RAMSIS is an advanced and industry-
proven model from the ergonomics community, that is widely-used especially in the automo-
tive community [34]. It was initially developed to ease CAD-based design of car interior and
human workspaces, as well as for use in ergonomic studies. The following advantages come
with the use of this model:

• The model is capable of capturing different body types according to anthropometric
considerations, i.e. the different appearance of a wide range of humans. Its design has
been guided by ergonomic considerations from leading experts in the field.

• The locations of the inner joints correspond precisely to the real human joint locations,
making this model an ideal choice for motion analysis tasks e.g. in sport analytics or
ergonomic studies.

• The model is able to capture most of the movements humans can perform while retaining
a correct outer appearance. Absolute motion limits are integrated and help to reduce the
search space when tracking. Motion limits can be queried for different percentiles of
the population using anthropometric knowledge.

In the next sections, we will describe the digital human model RAMSIS in more detail.
We will first describe the inner kinematic model and the corresponding outer surface repre-
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sentation in Section 3.1. Both inner and outer model are adaptable to different body shapes,
however body adaptation in the original model is a tedious task due to a complex parameter-
ization of inner and outer appearance of the model. We have improved on this by learning a
small relevant subset of statistical parameters from available model instantiations by means
of principal component analysis (PCA). This process is detailed in Section 3.2. We introduce
several optimizations to the original RAMSIS model that are tailored towards the special needs
of motion tracking applications in Section 3.3. Among these are a reduction of the d.o.f. of the
original model by providing an ergonomically sound interpolation of the spine, the incorpora-
tion of biomechanical inter-frame motion limits, and the caching of pose-specific calculations
that allows for efficient repeated computations of locally restricted pose changes. Finally, in
Section 3.4 we show how a temporal sequence of poses can be filtered to produce smooth
natural motions with good accuracy.

FIGURE 3.1 The digital human model RAMSIS. Shown are several examples of the outer
model for different body shapes and gender. The surface is modeled as a triangle mesh that
is connected to an underlying kinematic structure.

3.1 Model Specification

The digital human model RAMSIS has originally been designed by experts in the field of
ergonomics [129] in order to provide a human model that can be used for analysis, synthesis
and simulation of three-dimensional human postures. At the same time, it should be capable of
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capturing the body characteristics of the largest part of the human population. To this end, the
model design has been heavily influenced by anthropometric reference literature and human
expertise. The model is in widespread use in the automotive and textile industry [61], where
several (commercial) tools and extensions have been developed.

Figure 3.1 shows examples of different model instantiations in their default pose (the null

pose). The main model definition comprises aspects such as the hierarchy of body parts, the
relative positions of body joints and surface vertices in a corresponding local part coordinate
system, and absolute motion limits for body parts. All corresponding parameters are fixed
and have been specified during the initial development of the RAMSIS model. In addition,
variable parameters describe the pose (dependant on the underlying kinematic structure) and
the shape of the model (based on metric length values that provide an absolute scale for the
relative positions in the model definition). We will now discuss the kinematic structure and
the shape representation in more detail.

FIGURE 3.2 Inner model of the digital human model RAMSIS. The joint locations with abbre-
viations are shown on the left, the hierarchical structure of the model including the d.o.f.
per body part are shown on the right. The hierarchical origin is the pelvis. The inner model
is displayed in its null pose (see Figure 3.1 for corresponding outer models).

3.1.1 Kinematics

The inner model of RAMSIS is a kinematic tree structure that closely resembles the human
skeleton (Figure 3.2). Deviations from the true skeleton are present due to the restriction
that the tree nodes are ball joints with pure rotational transformations. The human shoulder
e.g. is approximated by two ball joints (shoulder and shoulder blade), but the true structure
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is more complex. Furthermore, only the most relevant joints are modeled, e.g. the spine is
approximated by 6 joints. The complete model is constructed from a total of 28 joints.

Each body part bp is associated with a local part coordinate system (PCS) that can be
fully described by a homogeneous 4×4 transformation matrix Hbp. The column vectors of the
upper-left 3×3 rotation matrix embedded in Hbp correspond to the axes of the local PCS while
the first three components of the fourth column vector correspond to its origin in the world
reference frame. Note that we use bp as a placeholder for any valid body part (see Figure 3.2
for all body parts and the corresponding abbreviations). Furthermore, we use the notations

←−
bp

to denote the hierarchical predecessor and
−→
bp to denote the hierarchical successor of a body

part bp. The recursive formulation of the kinematic chain used to compute the local PCS is as
follows:

HBEC = TBEC ·RBEC (3.1)

Hbp = H←−bp ·Tbp ·P′bp ·Rbp ·P′′bp (3.2)

Equation 3.1 corresponds to the initial 6 d.o.f. pose of the pelvis (i.e. the hierarchical origin) in
coordinates of the world reference frame. Based on this, all subsequent body part coordinate
systems Hbp are computed using forward kinematics. When reading the chain of transforma-
tions in Equation 3.2 from left to right, Hbp is computed by first translating the preceding part
coordinate system H←−bp with the translation matrix Tbp and then changing its orientation by
applying the rotation matrix Rbp. The rotation is furthermore enclosed by two permutation
matrices P′bp and P′′bp that serve the purpose of switching coordinate axes while maintaining
a right-handed coordinate system. The permutation matrices correspond to the identity ma-
trix I in most cases, with the exceptions being denoted in Table 3.1 and Equations 3.11 and
3.12. The justification for these (mathematically unnecessary) permutations is that they allow
the rotation parameters to conform with the notations prevalent in the anthropometrics and
ergonomics literature.

By convention, 3D rotations are expressed using Euler angles, and the rotational axes are
denoted as t (tangential), n (normal) and b (binormal), with the following order of rotation:

R = Rb ·Rn ·Rt (3.3)

While the t-axis is always oriented towards the next body part in the kinematic chain, the n-
axis is facing towards the frontal surface of the current body part and the b-axis is the cross
product of t and n (Figure 3.3). This conformity leads to a user-friendly parameterization that
is easier to use in biomechanical or ergonomic applications such as gait or motion analysis.
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a) b)

FIGURE 3.3 Orientations of the local part coordinate systems for the null pose of the human
model RAMSIS: a) part coordinate systems of the spine b) part coordinate systems of the
limbs. The t-axis (red) is always oriented towards the next body part in the kinematic chain.
The n-axis (green) is facing towards the frontal surface of the body part. The b-axis (blue)
is the cross product of t and n.

The three rotation matrices Rt, Rn, Rb and the translation matrix T are computed from the
Euler rotation vector r = (rt, rn, rb)T respectively the translation vector t = (tx, ty, tz)T as
follows:

Rt =


1 0 0 0

0 cos rt sin rt 0

0 − sin rt cos rt 0

0 0 0 1

; Rn =


cos rn 0 − sin rn 0

0 1 0 0

sin rn 0 cos rn 0

0 0 0 1

 (3.4)

Rb =


cos rb sin rb 0 0

− sin rb cos rb 0 0

0 0 1 0

0 0 0 1

; T =


1 0 0 tx

0 1 0 ty

0 0 1 tz

0 0 0 1

 (3.5)

The final rotation vector rbp used in the computation of the rotation matrices for each body
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part bp is created by adding a base rotation vector r̃bp to the pose parameter vector r′bp:

rbp = r′bp + r̃bp (3.6)

While being mathematically unnecessary, this is again due to the conformity with the anthro-
pometric literature to provide a nice null pose, i.e. when the pose parameters for all body parts
are zero (r′bp = (0, 0, 0)T). Such a pose corresponds to standing upright with arms stretched to
the side, as displayed in Figures 3.1 and 3.2. The basic orientations of all local part coordinate
systems in the null pose under consideration of the base rotations r̃bp and the permutations
P′bp and P′′bp are depicted in Figure 3.3.

Note that by using homogeneous coordinates, the chain of transformations can be accumu-
lated in a single homogeneous 4×4 transformation matrix as presented in Equations 3.1 and
3.2. A point in local part coordinates (e.g. a vertex on the outer surface mesh) is then easily
transformed into world coordinates by right-multiplying its homogeneous vector representa-
tion pbp = (xbp, ybp, zbp, 1)

T with the transformation matrix Hbp:

pw = Hbp · pbp (3.7)

This yields the corresponding homogeneous vector representation pw = (xw, yw, zw, 1)
T of

the point in world coordinates.

Based on the kinematic structure presented so far, the RAMSIS model can be set to a specific
posture by providing the pose parameter vector ψ. It consist of the 6 d.o.f. pose of the pelvis
in the world reference frame (as specified in Equation 3.1, with translation vector tBEC and
orientation vector r′BEC) and the body part rotations (r′ULW

T, . . . , r′FIR
T)T of all remaining joints:

ψ =
(
tBEC

T, r′BEC
T
, r′ULW

T
, . . . , r′FIR

T
)T

(3.8)

Note that the translation vectors tbp needed for Equation 3.2 are not part of the pose parameters
ψ as they do not influence the posture explicitly (with the exception of tBEC which corresponds
to the absolute pose in the world reference frame). However, there is an implicit dependency,
as tbp is influenced by the inner shape parameters φI (see Section 3.1.2 and Table 3.2), i.e.
the location of body joints in a specific posture changes with the body shape. In practice, the
shape parameters φ and thus also tbp stay constant once they are initialized to match a specific
subject.

Not all of the joints of a human body allow for unrestricted movement. To account for this,
the possible range of motion has been carefully designed under consideration of physiological
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limits, and some of the rotation vectors r′bp have been restricted to less than 3 d.o.f. Therefore,
the final RAMSIS model has a total of 63 d.o.f.

In addition to removing some of the d.o.f. completely (e.g. elbow rotations around its b-
axis), motion limits have been introduced to limit the possible range of motion for each d.o.f.
These motion limits correspond to the minimal and maximal angular rotations rminbp and
rmaxbp that the pose parameters r′bp can take for each body part bp.

rminbp = (rtminbp, rnminbp, rbminbp)
T (3.9)

rmaxbp = (rtmaxbp, rnmaxbp, rbmaxbp)
T (3.10)

Table 3.1 summarizes the kinematic structure of the RAMSIS model. The six different types
of permutation matrices used in the model specification are defined as follows:

Pyxz =


0 1 0 0

1 0 0 0

0 0 −1 0

0 0 0 1

; Pxyz =


−1 0 0 0

0 1 0 0

0 0 −1 0

0 0 0 1

; Pyzx =


0 1 0 0

0 0 −1 0

−1 0 0 0

0 0 0 1

 (3.11)

Pyzx =


0 1 0 0

0 0 1 0

1 0 0 0

0 0 0 1

; Pxzy =


1 0 0 0

0 0 1 0

0 −1 0 0

0 0 0 1

; Pxzy =


1 0 0 0

0 0 −1 0

0 1 0 0

0 0 0 1

 (3.12)

Note that in an efficient implementation of the RAMSIS model, one might omit the use of
these permutation matrices as in Equation 3.2 and instead transform the pose parameters ψ
accordingly where needed.

Another thing to mention is that the use of Euler angles imposes certain limitations such
as non-linearities and singularities (gimbal lock) that arise in the context of animation [134],
and non-uniform sampling that arises in the context of pose estimation [87]. Quaternions
might provide a better solution in these cases. On the other hand, Euler angles provide a user-
friendly and descriptive representation that is consistent with the anthropometrics literature,
and absolute motion limits can be more easily integrated than in alternative representations.
In our work we stick to the Euler representation for the sake of compatibility with the original
RAMSIS model.
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bp
←−
bp

−→
bp r̃bp (in deg) rminbp (in deg) rmaxbp (in deg) P′bp P′′bp

BEC ULW,OSL,OSR (0, 0, 0)T (-180, -180, -180)T (180, 180, 180)T I I

ULW BEC OLW (0, 0, 0)T (0, -12, -25)T (0, 12, 11)T I I

OLW ULW UBW (0, 0, 0)T (-12, -18, -24)T (12, 18, 30)T I I

UBW OLW OBW (0, 0, 0)T (-12, -18, -12)T (12, 18, 20)T I I

OBW UBW UHW (0, 0, 0)T (-24, -18, -22)T (24, 18, 36)T I I

UHW OBW BRK, OHW (0, 0, 0)T (-22, -22, -32)T (22, 22, 28)T I I

BRK UHW SBL, SBR (0, 0, 0)T (0, 0, -1)T (0, 0, 1)T Pyxz I

OHW UHW UBW (0, 0, 0)T (-30, -22, -36)T (30, 22, 32)T I I

KO OHW UBW (0, 0, 0)T (-42, -16, -22)T (42, 16, 25)T I I

SEH KO (0, 0, -17.5)T (0, 0, 0)T (0, 0, 0)T Pyxz I

OSL BEC USL (0, 0, 0)T (-73, -50, -30)T (51, 55, 134)T Pxyz I

USL OSL FUL (0, 0, 0)T (-63, -10, 0)T (55, 160, 0)T Pxzy Pxzy

FUL USL FBL (0, 0, 90)T (-35, 0, -58)T (39, 0, 47)T I I

FBL FUL (0, 0, 0)T (0, 0, -45)T (0, 0, 80)T I I

OSR BEC USR (0, 0, 0)T (-51, -55, -30)T (73, 50, 134)T Pxyz I

USR OSR FUR (0, 0, 0)T (-55, -10, 0)T (63, 160, 0)T Pxzy Pxzy

FUR USR FBR (0, 0, 90)T (-39, 0, -58)T (35, 0, 47)T I I

FBR FUR (0, 0, 0)T (0, 0, -45)T (0, 0, 80)T I I

SBL BRK OAL (0, -10, 0)T (-29, -30, -18)T (14, 24, 41)T Pyzx I

OAL SBL UAL (0, 0, 0)T (-95, -89, -118)T (95, 89, 150)T I I

UAL OAL HAL (0, 0, 0)T (-149, -158, 0)T (116, 10, 0)T Pxzy Pxzy

HAL UAL FIL (0, 0, 0)T (0, -120, -59)T (0, 110, 42)T I I

FIL HAL (0, 0, 0)T (0, -102, 0)T (0, 12, 0)T I I

SBR BRK OAR (0, 10, 0)T (-14, -24, -18)T (29, 30, 41)T Pyzx I

OAR SBR UAR (0, 0, 0)T (-95, -89, -118)T (95, 89, 150)T I I

UAR OAR HAR (0, 0, 0)T (-116, -158, 0)T (149, 10, 0)T Pxzy Pxzy

HAR UAR FIR (0, 0, 0)T (0, -120, -59)T (0, 110, 42)T I I

FIR HAR (0, 0, 0)T (0, -102, 0)T (0, 12, 0)T I I

TABLE 3.1 The kinematic structure of the RAMSIS model. Denoted are the kinematic prede-
cessor

←−
bp and the kinematic successors

−→
bp for each body part bp. In addition, the base

rotations r̃bp (Equation 3.6), the minimal and maximal angular pose limits rminbp and
rmaxbp, and the permutation matrices P′bp and P′′bp according to Equation 3.2 are given.
The corresponding non-identity permutation matrices are listed in Equations 3.11 and 3.12.

3.1.2 Shape Representation

The pose parametersψ presented in the last section are used to set the posture of the model by
means of forward kinematics. Apart from that, another set of free parameters is used to adapt
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the shape and size of the human model. We denote these as the shape parameters φ:

φ =
(
φI

T,φO
T
)T

(3.13)

φI = (l1, . . . , l43)
T (3.14)

φO =
(
s1

T, . . . , s100
T
)T

; si =
(
t+i , t

−
i , n

+
i , n

−
i , b

+
i , b

−
i

)T (3.15)

While the pose parameters need to be updated in every frame during tracking or animation
of the model, the shape parameters are usually initialized only once for the subject of inter-
est. They are split into 43 inner shape parameters φI (Equation 3.14) and 600 outer shape
parameters φO (Equation 3.15), summing up to a total of 643 parameters.

a) b)

FIGURE 3.4 Local coordinate systems and shape representation in the RAMSIS model. Each
body part bp is associated with a local PCS Hbp. The location of the next PCS H−→bp (i.e.
the next body joint) is dependant on the inner shape parameters φI . The outer shape is
represented by a connected set of vertices that are placed in slice coordinate systems (SCS)
local to each PCS. The absolute positions of vertices inside each SCS are influenced by the
outer shape parameters φO, that provide a scale factor for each of the six direction ±t, ±n
and ±b of the SCS. Figure a) In most of the limb parts, the origins of the SCS and the
subsequent PCS coincide with the t-axis, and the slices are planar and perpendicular to it.
Figure b) In other body parts (e.g. around the neck), the origins are placed arbitrarily inside
the current body part and the slices can take any (possibly non-planar) shape. Note that the
triangulation of the outer vertices is not displayed in these figures.

In the RAMSIS model definition, the locations of important model points (i.e. joints for the
inner model, surface vertices for the outer model) are specified in terms of relative coordinates
in local coordinate systems. The shape parameters φ provide the absolute scaling to these rel-
ative coordinates, i.e. when calculating the absolute positions of points in their corresponding
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coordinate system, the relative positions are multiplied by the corresponding lengths set in the
shape parameters. The inner shape parameters φI directly influence the distances between ad-
jacent body joints and thus the proportions of the human skeleton. The outer shape parameters
φO influence the location of vertices on the outer surface and thus the shape and volume of
the body parts.

Figure 3.4 depicts in greater detail the internal model structure. Each body part bp is
associated with a local part coordinate system (PCS) Hbp (Equation 3.2). The origin of the
next PCS H−→bp is defined by its corresponding translation vector t−→bp (see Equations 3.2 and
3.5). All translation vectors and therefore the absolute proportions of the inner model (i.e.
the bone lengths) are dependant on the inner shape parameters φI . These dependencies are
denoted in Table 3.2. In addition, we have denoted the mean anthropometric length values
for the inner shape parameters in Table 3.3. The outer shape is represented by a surface
mesh that connects a set of vertices on the human skin. These vertices are placed on slices
anchored in slice coordinate systems (SCS) that are local to each PCS. The origins of the
SCS are directly influenced by the inner shape parameters φI , in the same way that the next
PCS is. The absolute positions of the outer vertices inside each SCS are influenced by the
outer shape parameters φO (Equation 3.15). These consist of six scaling parameters si =

(t+i , t
−
i , n

+
i , n

−
i , b

+
i , b

−
i )

T for each slice i that define the absolute scales of the corresponding
slice along the negative and positive directions of the SCS axes.

The final surface mesh is provided by a fixed triangulation of the outer vertices. In total, the
RAMSIS model definition comprises 36 inner joint positions (including body part endpoints),
962 outer vertices, and 1908 triangles on the surface mesh. When changing the pose of the
model, the vertices move rigidly with the corresponding body part. The only exception is
given by torsion deformations for the limbs and also parts of the spine (ULW, OLW, UBW, OBW,
OSL, USL, OSR, USR, OAL, UAL, HAL, OAR, UAR, HAR). In these parts, the outer vertices
all lie on slices that are perpendicular to the t-axis, i.e. the tangential direction towards the
next body part (Figure 3.4a). To simulate the skin deformation of humans during torsions
of the respective body parts, i.e. during rotations around the tangential axis, slices that are
close to the next body part are rotated stronger around the tangential axis than slices that are
close to the origin of the current body part coordinate system. This is achieved by scaling
the tangential rotation component rtbp of the rotation vector rbp (Equation 3.4) with a factor
τi ∈ [0 : 1] depending on the relative location of the slice i along the tangential axis (from 0

for the current part origin to 1 for the next part origin):

rtbpi = τi · rtbp ; τi ∈ [0 :1] (3.16)
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bp
←−
bp tbp (in mm) bp

←−
bp tbp (in mm)

ULW BEC (l1, −l2, 0.0)T OAL SBL (l30, −l31, l32)T

OLW ULW (l6, 0.37·l6, 0.0)T UAL OAL (l33, 0.0, 0.0)
T

UBW OLW (l7, −0.17·l7, 0.0)T HAL UAL (l34, 0.0, 0.0)
T

OBW UBW (l8, −0.3·l8, 0.0)T FIL HAL (l35, 0.0, 0.0)
T

UHW OBW (l9, −0.18·l9, 0.0)T SBR BRK (l12, 0.0, 0.5·l14)T

BRK UHW (l11, 0.23·l11, 0.0)T OAR SBR (l37, −l38, −l39)T

OHW UHW (l10, 0.23·l10, 0.0)T UAR OAR (l40, 0.0, 0.0)
T

KO OHW (l15, 0.29·l15, 0.0)T HAR UAR (l41, 0.0, 0.0)
T

SEH KO (0.24·l16, l17, 0.0)T FIR HAR (l42, 0.0, 0.0)
T

OSL BEC (0.0, 0.0, 0.5·l3)T BEC′ BEC (−l4, −l5, 0.0)T

USL OSL (l20, 0.0, 0.0)
T KO′ KO (l16, 0.23·l17, 0.0)T

FUL USL (l21, 0.0, 0.0)
T KO′′ KO (0.24·l16, l17, 0.5·l18)T

FBL FUL (l22, −l23, 0.0)T KO′′′ KO (0.24·l16, l17, −0.5·l18)T

OSR BEC (0.0, 0.0, −0.5·l3)T SEH′ SEH (l19, 0.0, 0.0)
T

USR OSR (l25, 0.0, 0.0)
T FBL′ FBL (l24, 0.0, 0.0)

T

FUR USR (l26, 0.0, 0.0)
T FBR′ FBR (l29, 0.0, 0.0)

T

FBR FUR (l27, −l28, 0.0)T FIL′ FIL (l36, 0.0, 0.0)
T

SBL BRK (l12, 0.0, −0.5·l14)T FIR′ FIR (l43, 0.0, 0.0)
T

TABLE 3.2 Relative joint locations tbp of the body part bp in coordinates of the preceding
body part

←−
bp. To account for different human body sizes, the joint locations are dependant

on the inner shape parameters φI = (l1, . . . , l43)
T of the RAMSIS model (see Table 3.3 for

the anthropometric mean lengths). The joint locations in the lower right column correspond
to endpoints that do not have a local coordinate system of their own: pelvis reference point
(BEC′), top of skull (KO′), left eye (KO′′), right eye (KO′′′), focal direction endpoint (SEH′),
left toes (FBL′), right toes (FBR′), left fingertips (FIL′), right fingertips (FIR′).

All vertices connected to the slice i are then transformed by a transformation matrix Hbpi

where rtbp has been replaced by rtbpi during its computation (Equation 3.2). This prevents
the surface mesh from becoming twisted in such a strong way that intersections of the surface
triangles occur.

The inner shape parameters φI (Table 3.3) are most often directly related to values found
in the anthropometrics literature (e.g. bone lengths, head height/breadth/depth, eye distance,
etc.). Therefore, the inner model of RAMSIS can be described as an anthropometric model
whose design has been entirely guided by the study of human anatomy and physical variation.
This makes the RAMSIS model well-suited for biomechanical motion analysis and ergonomic
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studies.

length
(in mm)

length
(in mm)

length
(in mm)

length
(in mm)

l1 42.00 l12 86.17 l23 72.00 l34 246.00

l2 58.00 l13 0.00 l24 70.00 l35 90.00

l3 162.00 l14 50.00 l25 429.00 l36 100.00

l4 19.90 l15 64.20 l26 422.00 l37 159.00

l5 18.80 l16 153.50 l27 142.00 l38 62.00

l6 83.00 l17 104.10 l28 72.00 l39 0.00

l7 100.00 l18 63.00 l29 70.00 l40 283.00

l8 123.00 l19 500.00 l30 159.00 l41 246.00

l9 108.00 l20 429.00 l31 62.00 l42 90.00

l10 129.79 l21 422.00 l32 0.00 l43 100.00

l11 61.00 l22 142.00 l33 283.00

TABLE 3.3 Anthropometric mean length values in millimeter for the inner shape parameters
φI = (l1, . . . , l43)

T of the male RAMSIS model.

FIGURE 3.5 Single synchronized frame from three camera views to depict the accuracy of the
human model RAMSIS. 2D image projections are shown for the inner model and the outer
model (incl. zoomed image portion).

The design process of the outer model has been guided by manual expertise using anthropo-
metric CAD models of humans. The main goal has been to provide a minimal representation
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that is capable to capture the body shapes of a large variety of humans while retaining a re-
alistic appearance throughout possible postures. Thus, the locations and connections of the
outer vertices have been carefully selected. The model resolution used is a good compromise
between accurate outer appearance and fast computations. Using a higher surface resolution
would not improve the overall shape very much (except for better details), and using a lower
resolution would result in unrealistic torsion deformations and problems with surface connec-
tions between neighboring body parts. Figure 3.5 shows an overlay of both the inner and the
outer model on a still frame captured from three camera perspectives to illustrate the accuracy
of the RAMSIS model.

The large number of shape parameters allows for a detailed adaptation of the model, but it
is also overly complex and makes manual and automatic adaptation of the model tedious. In
the next section we will present a reduced parameterization learned from training examples
that improves usability and efficiency of the model shape initialization.

3.2 Learning Shape Parameters

In the original model specification of RAMSIS a total of 643 shape parameters (43 inner and
600 outer parameters) is provided. All of these parameters model very local changes to the
shape, and especially the outer parameters φO influence only the placement of a few of the
outer vertices. This over-parameterization makes it difficult to adapt the model shape to dif-
ferent humans in an intuitive manner. Furthermore, one would expect that shape variations
among humans can be captured by far fewer parameters when the dependencies between the
local shape parameters are considered.

To reduce the number of shape parameters, we have statistically analyzed the parameters by
means of principal component analysis (PCA) [108]. We have takenN = 139 different (male)
model adaptations for RAMSIS that cover a broad spectrum of human shapes (see Figure 3.1
for some examples). These have been retrieved in a manual modeling process using the GUI-
tool PCMAN [130] from the TUM ergonomics department.

PCA is an orthogonal linear transformation that transforms the shape parameters of the
known model adaptations into a new coordinate system such that the orthogonal basis of the
new coordinate system is given by its principal components. These are the orthogonal direc-
tions that best capture the variance in the given shape parameters. In many applications, a
subset of all principal components explains most of the variance in the data set, so that the
remaining principal components can be ignored without loosing valuable information. This
fact is often used to compress data by reducing the dimensionality of the data vectors. In our
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application, we can use the principal components to provide an improved and possibly more
intuitive parameterization of the human model shape, as dependencies between parameters are
revealed by this process.

The principal components of the set of N known shape parameters φ(i); i∈ 1 . . . N of di-
mensionality d are given by the eigenvectors of the covariance matrix Σφ. The d×d covariance
matrix Σφ is computed as follows:

Σφ =
1

N − 1

N∑
i=1

(φ(i) − φ̄) · (φ(i) − φ̄)T (3.17)

Here, φ̄ corresponds to the sample mean of all known shape parameters:

φ̄ =
1

N

N∑
i=1

φ(i) (3.18)

The eigenvectors can be extracted from the covariance matrix Σφ by means of singular value

decomposition (SVD), which in the case of positive semi-definite symmetric matrices such as
Σφ results in the following decomposition:

Σφ = UΛUT (3.19)

The column vectors of U = (e1 . . . ed) correspond to the requested eigenvectors. Furthermore,
Λ is a diagonal matrix with the corresponding eigenvalues λi as diagonal entries.

The eigenvectors e1 . . . ed correspond to the principal components and by convention are
usually ordered in descending order with respect to the variance in that direction. When scal-
ing all eigenvectors such that their length equals the squareroots

√
λi of the corresponding

eigenvalues, the endpoints of the scaled eigenvectors all lie on an isosurface with Mahalanobis
distance 1 of the Gaussian distribution induced by the known parameter sets. Thus, the eigen-
vectors with the largest corresponding eigenvalues are responsible for most of the body shape
variation in the training set.

The orthogonal space spanned by the principal components provides an alternative param-
eterization of the body shape. By ignoring principle components with small corresponding
eigenvectors, we can furthermore reduce the number of parameters by ignoring irrelevant
ones. A common criterion is to set the number of parameters based on the percentage of
variance in the training set that is explained by the first x principal components. The vari-
ance in the direction of each principal component is given by the corresponding eigenvalue
λi. Figure 3.6 plots the cumulative variance as a function of the first x eigenvectors for our
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FIGURE 3.6 Plotting the variance accounted for by the principal components. The cumulative
plots show the total percentage of the variance in the training set that is accounted for by
the first x eigenvectors when estimating all 643 shape parameters, only the 600 outer shape
parameters, or only the 43 inner shape parameters. Additionally, the variance for each
eigenvector is plotted for the combination of inner and outer parameters.

application. When performing PCA on all 643 parameters, the first 2 eigenvectors already
account for more than 50%, and the first 20 eigenvectors for more than 88% of the overall
variance. These numbers improve further when trying to find a new parameterization for only
the outer shape parameters (e.g. the body shape with constant bone lengths) or only the inner
shape parameters (e.g. bone lengths). Learning new parameterizations for subsets of the shape
parameters helps to find parameterizations that are more intuitive for a human user. When
training only on the inner parameters corresponding to the human limbs (arms and legs), most
of the variance will be explained by two principal components that correspond to limb length
and relative ratio between upper and lower limb. These correspond exactly to the observa-
tions made in anthropometric literature. However, for applications such as automatic body
shape initialization (e.g. by means of optimization), the intuitive meaning is irrelevant and the
parameterization learned from all shape parameters should be used.

One thing to note is that the number of eigenvectors can never exceed the number of train-
ing samples. In our case, we have only 139 training samples for 643 dimensions, so that only
the first 139 eigenvectors will be non-zero. However, these eigenvectors still provide a suit-
able orthogonal basis for the parameter space, and as Figure 3.6 shows, only a much smaller
subset of the calculated eigenvectors is relevant anyway. In future work, we plan to repeat the
statistical analysis with a much larger training set based on anthropometric databases.

Once a good new parameterization is found (i.e. the x most relevant principal components
have been selected), a vector φ of RAMSIS shape parameters can be projected to a lower-

46



SECTION 3.3 Model Optimizations for Tracking

dimensional vector ϕ in the new parameter space as follows:

ϕ = WT · (φ− φ̄) (3.20)

Here, W = (e1 . . . ex) is a d×x matrix where the x column vectors are exactly the principal
components of the new parameter space, i.e. W corresponds to the eigenvector matrix U from
Equation 3.19 with the less important eigenvectors ex+1 . . . ed cropped. Before transforming
the parameter vector φ it is mean-adjusted by subtracting the mean φ̄ of the training set.

A more frequently needed transformation however is the transformation from the new pa-
rameter space back to the original parameter space of RAMSIS. To create a modification of
the human shape, the components of the projection vector ϕ could e.g. be diffused along the
corresponding principal components. The amount of diffusion added should be consistent
with the variance along each principal component, i.e. its eigenvalue. The so-modified pa-
rameter vector ϕ′ is then transformed back to calculate the parameter vector φ′ in the original
parameter space:

φ′ = (Wϕ′) + φ̄ (3.21)

We have applied the concepts presented in this section to provide a GUI to aid with the
manual initialization of the shape of the human model in an intuitive manner. Apart from a
new parameterization of the male RAMSIS model, we have also computed parameters for the
female RAMSIS model from 95 separate female adaptations. Splitting female and male param-
eterization is not only required by a slightly different model definition, but is also reasonable
due to typical variations between the genders.

3.3 Model Optimizations for Tracking

The human model RAMSIS has been designed to measure human postures (and to mathemat-
ically describe them by the pose parameters ψ) through manual adaptation. At the time of
development and up to the start of this thesis, the applications were purely static in a sense
that e.g. the posture taken by a human in a specific image should be described. If a sequence of
postures was considered, all postures were adapted independently, without considering tempo-
ral dependencies. An exception is the work by Seitz [131], where tracking using the RAMSIS

model was first applied in a restricted context, but without modifications to the original model.
The typical requirements and limitations of tracking applications however made it necessary
to introduce some modifications to the original RAMSIS model in order to successfully deal
with the ambitious new objectives. We thus introduce the following modifications tailored
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towards the tracking applications presented in Chapter 4:

1. Reduction of the d.o.f. of the initial model by modeling dependencies in the spine joints.

2. Incorporation of reasonable body-part dependant inter-frame motion variances to reduce
the search space.

3. Caching of body part relative calculations for improved efficiency in tracking applica-
tions.

3.3.1 Coupling of Spinal Motion

As tracking of high-dimensional articulated models is a very challenging task, one of the first
priorities in our work was to reduce the d.o.f. of the original model (Figure 3.2) as much
as possible. While the limbs are already modeled with the minimal number of parameters
necessary to express all possible poses, the largest potential for reduction is given in the model
of the human spine. In RAMSIS, the spine is modeled by 7 independent joints (including the
head) with 3 d.o.f. each. In the human anatomy however, the spine is a coupled structure that
allows only for a restricted set of motions. It is e.g. impossible to bend the spine in several
opposing directions, whereas this would be possible in the RAMSIS model. A solution to
this problem is to couple dependant parameters from sets of neighboring joints to provide a
common spinal motion. We have developed such a coupling in joint work with the TUM
ergonomics department based on biomechanics literature [167, 78] and experimental studies.

To provide a physiologically sound coupling of the spine, we split it into the lower spine
LS = {ULW,OLW}, the upper spine US = {UBW,OBW,UHW}, and the head spine HS =

{OHW,KO}. Such a coupling is reasonable as most of the common motions are performed by
deforming only the upper spine (i.e. the thoracic and the cervical spine), while the lower spine
(i.e. the lumbar spine) is only used to support extreme bending motions once the deformation
of the upper spine reaches its limits. Each of the coupled spine regions xS is associated with a
3 d.o.f. parameter vector qxS = (qtxS, qnxS, qbxS)

T with components in the range of [0 :1] that
represent the amount of rotation around the t-, n- and b-axis. Rotations are distributed across
the linked joints such that a value of 0 corresponds to the minimum angular value rminbp

and 1 corresponds to the maximum angular value rmaxbp of each associated joint bp, i.e. the
coupled parameters jointly interpolate all linked angular parameters between their min/max-
limits. In the null pose of the model, i.e. when all pose parameters are zero, the coupled spine
parameters are all set to 0.5. The angular pose parameters (r′ULW

T, . . . , r′KO
T)T for all of the
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linked joints are calculated from the coupled parameters (qLS
T,qUS

T,qHS
T)T as follows:

r′ULW = qLS · (rmaxULW − rminULW) + rminULW (3.22)

r′OLW = qLS · (rmaxOLW − rminOLW) + rminOLW (3.23)

r′UBW = qUS · (rmaxUBW − rminUBW) + rminUBW (3.24)

r′OBW = qUS · (rmaxOBW − rminOBW) + rminOBW (3.25)

r′UHW = qUS · (rmaxUHW − rminUHW) + rminUHW (3.26)

r′OHW = qHS · (rmaxOHW − rminOHW) + rminOHW (3.27)

r′KO = qHS · (rmaxKO − rminKO) + rminKO (3.28)

By using this parameterization we are able to reduce the dimensionality of the spine from 21

to 9 d.o.f. while keeping the physiological expressivity. Figure 3.7 shows some renderings of
extreme spinal deformations that are possible with the RAMSIS model.

a) b) c) d)

FIGURE 3.7 Motion limits of the combined spine when keeping the pelvis fixed: a) maximum
rotation around the t-axis with qLS = qUS = qHS = (1.0, 0.5, 0.5)T b) minimum rotation
around the n-axis with qLS=qUS=qHS=(0.5, 0.0, 0.5)T c) minimum rotation around the
b-axis with qLS=qUS=qHS=(0.5, 0.5, 0.0)T d) maximum rotation around the b-axis with
qLS=qUS=qHS=(0.5, 0.5, 1.0)T. Bending can be further increased by rotating the pelvis.

When using the optimized model in tracking applications (see Chapter 4), the coupling
of the spine considerably improves stability and reduces physiologically unfeasible postures
(e.g. twisted and constricted deformations of the torso). Another step to simplify the tracking
depending on the application is to ignore some of the d.o.f. in the hands and feet of the model,
as these are often difficult to estimate from static wide-angle camera views. This further
reduces the dimensionality of the model to 41. Figure 3.8 gives a graphical representation of
the modified parameterizations as we use them for tracking.
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a) b)

FIGURE 3.8 Modifications of the original RAMSIS model for tracking: a) after ergonomically
sound interpolation of the spine (51 d.o.f.) b) after additionaly omitting some d.o.f. of the
hands and feet that are hard to identify (41 d.o.f.). The latter model is the one we use for
tracking throughout this thesis. The 3 d.o.f. of the lower spine are only relevant for extreme
bending motions and can be omitted when constricting the tracker to upright motions (such
as walking).

3.3.2 Biomechanical Inter-Frame Motion Limits

The original RAMSIS model comes with absolute motion limbs for each angular joint param-
eter (except for the unlimited rotation of the pelvis in 3D space). These motion limits specify
the possible range of motion of the corresponding body part. However, there is no model for
the temporal motion limits, i.e. the maximal angular velocities that can be reached during body
movements. Good estimates of such values are important to constrain the high-dimensional
search space when tracking.

Together with the TUM ergonomics department, we performed a biomechanical study to get
estimates for the maximum angular velocities vmaxbp = (vtmaxbp, vnmaxbp, vbmaxbp)

T

for each body part bp [51]. In this study, a human subject performed predefined isolated mo-
tions (i.e. each d.o.f. separately) at maximum speed while being recorded with two high-speed
video cameras at 250 f.p.s. The pose parametersψ for two selected keyframes of the sequence
were manually measured with the GUI-tool PCMAN [130]. The keyframes were selected such
that the angular difference between them covers about 40% of the possible range of motion
(between rminbp and rmaxbp), preferably around the center of the range of motion, where
the expected velocities are highest. The velocity estimates are calculated from the measured
angular differences and the number of frames in between the two keyframes. In addition, we
used marker-based motion capture data from sports science to refine the estimates. While the
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resulting values are by no means statistically representative, they provide a good estimate on
the magnitude of possible velocities. The resulting maximum angular velocities vmaxbp are
presented in Table 3.4.

bp vmaxbp (in deg
sec ) bp vmaxbp (in deg

sec )

BEC (125.0, 35.0, 125.0)T OSR (505.0, 145.0, 342.5)T

ULW (0.0, 32.5, 17.5)T USR (290.0, 280.0, 0.0)T

OLW (40.0, 7.5, 12.5)T FUR (440.0, 0.0, 375.0)T

UBW (42.5, 40.0, 25.0)T FBR (0.0, 0.0, 0.0)T

OBW (47.5, 12.5, 42.5)T SBL (0.0, 135.0, 77.5)T

UHW (7.5, 17.5, 5.0)T OAL (277.5, 240.0, 190.0)T

BRK (0.0, 0.0, 0.0)T UAL (945.0, 475.0, 0.0)T

OHW (100.0, 70.0, 180.0)T HAL (0.0, 650.0, 400.0)T

KO (312.5, 15.0, 22.5)T FIL (0.0, 795.0, 0.0)T

SEH (0.0, 0.0, 0.0)T SBR (0.0, 135.0, 77.5)T

OSL (505.0, 145.0, 342.5)T OAR (277.5, 240.0, 190.0)T

USL (290.0, 280.0, 0.0)T UAR (945.0, 475.0, 0.0)T

FUL (440.0, 0.0, 375.0)T HAR (0.0, 650.0, 400.0)T

FBL (0.0, 0.0, 0.0)T FIR (0.0, 795.0, 0.0)T

TABLE 3.4 Maximum angular velocities vmaxbp for each body part bp in degrees per second.

For tracking applications, e.g. when doing stochastic search, the maximum angular veloci-
ties can be transformed into angular inter-frame standard deviations by considering the f.p.s.
at which the videos were recorded. It might be advisable to provide upper limits to inter-frame
motions when tracking at low frame rates, in order to keep the search space restricted. When
tracking extremely fast human motions, e.g. in sports analysis, we recommend to use higher
frame rates for recording to reduce the angular differences between neighboring frames (and
also to avoid image motion blur by reducing exposure times).

3.3.3 Caching of Body-Part Dependant Pose Calculations

Another optimization that helps to improve computational efficiency is to cache body-part
dependant pose calculations. Such a modification can be powerful when used in combination
with hierarchical particle filters such as partitioned sampling (Section 4.4.2). These algorithms
repeatedly modify only parts of the parameter space for large numbers of parallel evaluations,
and caching helps in reducing the number of required computational operations (about a factor
of 4 in practice).

Caching works by keeping all previous pose calculations in memory, including local part
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coordinate systems Hbp and both 3D world coordinates of surface vertices and their 2D im-
age plane projections. Whenever a new pose is provided for model synthesis, all body parts
whose parameters are changed when compared to the last calculated pose are invalidated. In
addition, all dependencies of these body parts are also invalidated, i.e. all parts with invali-
dated kinematic predecessors. A recalculation of invalidated part coordinate systems is then
performed using the recursive formulation given by Equations 3.1 and 3.2. The recalculated
part coordinate systems are then used to update corresponding vertex coordinates.

3.4 Temporal Smoothing of Postures

In many applications the use of human models goes beyond the analysis of static postures, as
the motions that humans perform over time are of particular interest. Usually, human motion
is expressed as a temporal sequence of postures of the model sampled at discrete points in
time. When trying to estimate human motions from cameras, e.g. by the methods presented in
Chapter 4 of this thesis, the human poses are estimated frame by frame to create a temporal
sequence. However, the resulting motion sequence often appears to be shaky and unsteady,
as the temporal smoothness of motions has not been considered during pose estimation. A
common solution is to post-process the motion sequence by providing a temporal smoothing,
e.g. by using weighted mean filtering on a temporal window around the current frame. In
this way, outliers are suppressed and the overall motion appears to be smoother and more
human-like.

When implementing temporal smoothing in a straightforward manner, one would directly
smooth the individual components of the pose parameters ψ (see Equation 3.8). However,
as ψ consists purely of Euler angles that are part of a kinematic chain (except for the initial
translation tBEC), doing so results in undesired behavior. This is explained by the kinematic
dependencies, i.e. whenever a joint angle is changed it affects all subsequent body joints in
the kinematic chain. Thus, changes accumulate over several hierarchies, and the final motion
results appear to be wobbly, i.e. the external limbs can deviate substantially from their expected
position.

The solution is not to smooth the parameter space directly, but instead to smooth the loca-
tions of the body joints in the 3D Euclidean world space. This can be achieved by calculating
the local mean part coordinate systems (PCS) from a temporal neighborhood, i.e. their mean
positions and orientations. Once all mean PCS have been computed, the pose parameters ψ
are estimated such that the model fits the new PCS as good as possible.

The mean PCS H̄bp is calculated from the set of temporally adjacent local PCS H
(j)
bp ; j ∈
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Wt that have been selected from a temporal window Wt around the current frame t (in our
work we use a window size of 5 frames). Given that the local coordinate systems Hbp cor-
respond to Euclidean transformations (i.e. we have only used translations, rotations and re-
flections/permutations in the composition of Hbp, see Equations 3.1 and 3.2), they can be
decomposed into a 3×3 rotation matrix R?

bp and a 3×1 translation vector t?bp:

Hbp =

(
R?

bp t?bp

0 1

)
(3.29)

The column vectors of R?
bp correspond to the three axes xbp, ybp and zbp of the corresponding

coordinate system, and t?bp defines its position in world coordinates. Calculating the mean PCS
H̄bp is thus equivalent to composing it from the mean translation vector t̄

?
bp and the three mean

(orthonormal) axes x̄bp, ȳbp and z̄bp:

t̄
?
bp =

∑
j∈Wt

ωj t
?(j)
bp (3.30)

x̄bp =
∑
j∈Wt

ωj x
(j)
bp ; ȳbp =

∑
j∈Wt

ωj y
(j)
bp ; z̄bp =

∑
j∈Wt

ωj z
(j)
bp (3.31)

Here, ωj corresponds to weights associated with each frame j in the temporal window Wt. To
provide a correct weighted mean, all weights should sum up to 1. In our work we compute
the weights based on a Gaussian bell curve centered around the current frame, to decrease the
influence of frames that are more distant in time. Note that the mean coordinate axes need to
be normalized such that they can be combined into a valid rotation matrix.

After having calculated the temporally smoothed local PCS H̄bp, the pose parameters ψ
need to be chosen such that the model fits them as good as possible. Unfortunately, smooth-
ing the local PCS changes the distances between adjacent PCS. As the inner model sizes are
supposed to be constant during pose estimation, we can only come up with approximate so-
lutions to the fitting. Finding optimal pose parameters that minimize the error between the
corresponding local PCS and the temporally smoothed PCS is a difficult high-dimensional
optimization problem (with 51 d.o.f. in our case).

As an alternative, we provide a recursive analytical approximation to the model fitting.
The goal is to calculate a new set of PCS Ĥbp that is in conformance with the inner shape
parameters φI of the model (i.e. Tbp, P′bp and P′′bp are left untouched), yet whose local ori-
entations are similar to the temporally smoothed PCS H̄bp. The resulting error will thus be
purely translational (and rather small in practice). We replace the local PCS calculations from
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Equations 3.1 and 3.2 with:

ĤBEC = H̄BEC (3.32)

Ĥbp = Ĥ←−bp ·Tbp ·P′bp · R̂bp ·P′′bp (3.33)

First, the initial 6 d.o.f. pose HBEC of the pelvis is replaced with the temporally smoothed pose
H̄BEC. In the following calculations, Tbp, P′bp and P′′bp are fixed, as they are defined by our
current model instantiation. However, R̂bp is unknown and needs to be estimated. It should
be a pure rotation matrix from which the temporally smoothed joint angle vector r̂bp will be
extracted.

As already mentioned, we want the rotation defined by R̂bp to be equivalent with the rota-
tion component of the temporally smoothed PCS H̄bp. By substituting Ĥbp in Equation 3.33
for H̄bp we can solve for the transformation Q that will evolve the kinematic chain computed
up to now (under consideration of all model constraints) into the desired smoothed PCS:

H̄bp = Ĥ←−bp ·Tbp ·P′bp ·Q ·P′′bp (3.34)

Q = P′bp
−1 ·Tbp

−1 · Ĥ←−bp
−1 · H̄bp ·P′′bp

−1 (3.35)

Q will be an Euclidean transformation matrix of the same structure as the one presented in
Equation 3.29. By simply dropping the translational part of Q (i.e. replacing its components
with zero entries), we get the requested rotation matrix R̂bp which we can then use in Equa-
tion 3.33 to calculate the temporally smoothed PCS Ĥbp that is in accordance with the inner
shape parameters φI . The dropped translation part corresponds to the approximation error for
the origin locations of the body joints. In practice, the error is very small and levels itself over
several hierarchies.

Finally, we are interested in the temporally smoothed estimates for the joint angle rotation
vectors r̂bp. These can be extracted from the upper 3×3 rotation matrix R̂

?

bp embedded in R̂bp.
Under consideration of the Euler rotation convention of the RAMSIS model in Equation 3.3
and the single-axis rotation matrices in Equations 3.4 and 3.5, the connection between the
joint angle vector r̂ = (rt, rn, rb)T and the rotation matrix R̂

?
is the following (we omit the
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bp subscripts for notational clarity):

R̂
?
=

r11 r12 r13

r21 r22 r23

r31 r32 r33

 = R̂
?

b · R̂
?

n · R̂
?

t

=

cos rn cos rb sin rt sin rn cos rb − cos rt sin rb cos rt sin rn cos rb + sin rt sin rb

cos rn sin rb sin rt sin rn sin rb + cos rt cos rb cos rt sin rn sin rb − sin rt cos rb

− sin rn sin rt cos rn cos rt cos rn

 (3.36)

In the case that cos rn 6= 0, the three Euler angles are computed as follows (note that this is
one of two possible solutions for this case):

rn = − arcsin(r31) (3.37)

rt = atan2

(
r32

cos rn
,

r33
cos rn

)
(3.38)

rb = atan2

(
r21

cos rn
,

r11
cos rn

)
(3.39)

Equations 3.37 to 3.39 cannot be used when cos rn = 0, i.e. when r31 = ±1. In that case there
is an infinite number of solutions, as rt and rb are linked (gimbal lock). The solution here is
to use the following alternative computation:

rb = 0.0 (3.40)

rn =

{
−0.5 π if r31 ≈ 1

0.5 π if r31 ≈ −1
(3.41)

rt = atan2 (r12, r13) (3.42)

So far we have estimated the joint angles for the temporally smoothed rotation vectors r̂bp. In
the last step, the base rotations from Equation 3.6 need to be subtracted to retrieve the pose
parameter vectors r̂′bp:

r̂′bp = r̂bp − r̃bp (3.43)

A more detailed derivation of the extraction of Euler angles from rotation matrices is given
in [138]. The extracted smoothed rotational pose parameter vectors r̂′bp correspond to the

components of the final pose parameter vector ψ̂ =
(
t̄
?
BEC

T
, r̄′BEC

T, r̂′ULW
T
, . . . , r̂′FIR

T
)T
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CHAPTER 3 Anthropometric Human Model

3.5 Summary

In this chapter we have presented an anthropometric human model from the ergonomics com-
munity and introduced it in the context of human pose estimation. The original model has
been designed to capture the body characteristics with respect to shape and posture for a large
part of the human population, and was used mainly for CAD-based design of car interior and
human workspaces under ergonomic aspects. We have taken this model and optimized it with
respect to the requirements of motion tracking applications, a task it was not initially desig-
nated for. In other words, we have taken a digital human model that was designed to be used
in a static context and extended its applicability to dynamic scenarios.

Our first contribution has been to learn a new parameterization for the shape of the model
by means of principal component analysis. This helps to simplify the initial model adaptation
and to provide a reduced set of parameters that is better suited for automated shape estima-
tion. Then, we have shown how to reduce the dimensionality of the pose parameters from
initially 65 d.o.f. to now 51 d.o.f. without loss of expressivity by providing a biomechanically
inspired interpolation of the spine parameters. This is an important contribution, as the high
dimensionality of the parameter space is one of largest obstacles in human pose estimation.
Furthermore, we have determined biomechanical inter-frame motion limits for each param-
eter in terms of maximal angular velocities. These motion parameters are important when
using the model to estimate motion sequences as they help to limit the search space during
tracking. The reduced dimensionality of the model and the reduced search space due to the
motion limits is also crucial for computational efficiency. In addition, we have been able to
improve computational efficiency further by caching body-part dependant pose calculations,
a technique that is particularly effective when used in combination with hierarchical sampling
strategies as will be presented in the next chapter. Finally, we have shown a filtering method
to create smooth and realistic motion sequences from a series of pose estimates that can be
solved analytically.

All of these optimizations make the modified RAMSIS model a powerful tool in the context
of human pose tracking. The model is able to provide a link between a mathematical param-
eterization of human poses and the corresponding visual appearance of human subjects. It
turns out that accurate representation of human shape, posture and motion is a key aspect for
reliable human pose estimation, as will be shown in the following chapters.
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CHAPTER 4

Human Pose Tracking
Iterative Hierarchical Sampling for High-Dimensional State Estimation

In the last chapter we have presented a sophisticated human model that is able to map human
pose parameters to 3D surfaces approximating the shape of the corresponding human posture.
The pose parameters define the position and orientation of the model in Euclidean 3D space
and the orientation of each body joint in the articulated human model. In this chapter we will
show how to estimate the pose parameters from video sequences of human motion. This is
particularly challenging due to the high dimensionality of the parameter space (up to 51 d.o.f.).

To alleviate the complexity of the task at hand, we state human pose estimation as a tracking
problem, i.e. as one of estimating the current pose given a pose estimate from the last timestep.
By formalizing the problem in a Bayesian framework, we take advantage of the power and
advanced methodology of probabilistic techniques.

We will give an introduction to Recursive Bayesian Estimation in the next section, and
present a collection of estimators commonly used for Bayesian tracking. Out of these estima-
tors, the Particle Filter was selected as a basis for the advanced tracking algorithms presented
later in this chapter due to its generality. An important choice in particle filtering is the se-
lection of a motion model and an observation model. We describe our choice for the motion
model in Section 4.2, followed by a description of our observation model in Section 4.3. In
Section 4.4 we discuss the shortcomings of standard particle filtering techniques when used
for human pose estimation, and motivate the need for hierarchical sampling strategies. Two
strategies that are better suited for human pose estimation have been proposed, which we de-
scribe in Section 4.4.1 (Annealed Particle Filter) and Section 4.4.2 (Partitioned Sampling)
respectively. Both of these approaches have several issues in practice, and we propose an im-
proved sampling strategy in Section 4.5. We finish this chapter with a detailed experimental
evaluation of the presented approaches (Section 4.6), showing results on simulated as well as
real data, including a common ground-truth benchmark.
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CHAPTER 4 Human Pose Tracking

4.1 Recursive Bayesian Estimation

We are interested in tracking human fullbody motion over time. Given image observations
y0:T , {yt ; 0 ≤ t ≤ T} of a human motion sequence of length T sampled at discrete
points in time, we can model the task in a Bayesian manner as a state-space approach for
dynamic systems. The state sequence x0:T , {xt ; 0 ≤ t ≤ T} then corresponds to the
human pose parameters that contain all relevant information to describe the human motion
in the observed sequence. To simplify matters, the state sequence x0:T is assumed to be an
unobserved (hidden) Markov process, i.e. the probability of a state xt is only dependent on its
direct predecessor xt-1 and conditionally independent of earlier states:

p
(
xt
∣∣x0:t-1

)
= p
(
xt
∣∣xt-1) (4.1)

Likewise, the observation yt at timestep t is dependent only upon the current state xt and
conditionally independent of all other states:

p
(
yt
∣∣x0:t

)
= p
(
yt
∣∣xt) (4.2)

This corresponds to a hidden Markov model (HMM) as displayed in Figure 4.1. The joint
probability density function (pdf) over all states of such a HMM is given by:

p(x0:t,y0:t) = p(x0)
t∏
i=1

p
(
yi
∣∣xi) p(xi ∣∣xi-1) (4.3)

Equation 4.3 embodies all available statistical information, and in principle, it can be used
to derive an optimal estimate with respect to any criterion including a measure of accuracy.
Unfortunately, inference is intractable, and it requires to store the complete data set and to
reprocess existing data when new observations arrive.

However, we are not interested in the full joint pdf over all states and observations, but rather
in the current pdf of state xt conditioned on the observations up to timestep t. This corresponds

FIGURE 4.1 Bayesian Network of a Hidden Markov Model.
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SECTION 4.1 Recursive Bayesian Estimation

to Bayesian filtering [47], where the task is to estimate the posterior pdf p
(
xt
∣∣y0:t

)
. Under the

assumption that the initial pdf p
(
x0

∣∣y0

)
≡ p(x0) is known, the posterior pdf can be obtained

recursively in a prediction and an update stage [47, 9].

The prediction stage uses the motion model p
(
xt
∣∣xt-1) to make a forward prediction of the

posterior pdf p
(
xt-1
∣∣y0:t-1

)
from the last timestep to the current timestep, resulting in the prior

pdf p
(
xt
∣∣y0:t-1

)
:

p
(
xt
∣∣y0:t-1

)
=

∫
p
(
xt
∣∣xt-1) p(xt-1 ∣∣y0:t-1

)
dxt-1 (4.4)

The motion model approximates the (often unknown) dynamics of the system, and must also
account for unknown disturbances, e.g. by adding random noise. The prediction stage usually
results in flattened modes of the pdf, which corresponds to an increase in uncertainty.

In the update stage, the latest observation yt is incorporated into the prior pdf with the help
of the observation model p

(
yt
∣∣xt), resulting in the required posterior pdf p

(
xt
∣∣y0:t

)
:

p
(
xt
∣∣y0:t

)
=
p
(
yt
∣∣xt) p(xt ∣∣y0:t-1

)
p
(
yt
∣∣y0:t-1

) = η p
(
yt
∣∣xt) p(xt ∣∣y0:t-1

)
(4.5)

= η p
(
yt
∣∣xt) ∫ p

(
xt
∣∣xt-1) p(xt-1 ∣∣y0:t-1

)
dxt-1 (4.6)

Here, η is a normalizing constant comprising the denominator

p
(
yt
∣∣y0:t-1

)
=

∫
p
(
yt
∣∣xt) p(xt ∣∣y0:t-1

)
dxt (4.7)

and does not have to be explicitly evaluated in the context of tracking the most likely state.

The posterior pdf in Equation 4.5 is derived using Bayes’ theorem, which can be seen as a
mechanism for updating the knowledge about the current state in the light of additional infor-
mation from incoming observation. It can be used to estimate the most likely state including
its uncertainty. In general, however, it cannot be determined analytically. We will present
some estimators that can be used for Bayesian filtering in the subsequent sections.

4.1.1 Kalman Filter

The Kalman Filter [77] provides an optimal solution to the Bayesian filtering problem under
certain restrictive assumptions.

First, it assumes that the posterior pdf p
(
xt
∣∣y0:t

)
at every timestep is Gaussian and hence
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parameterized by a mean and a covariance matrix:

p
(
xt
∣∣y0:t

)
∼ N (µt, Σt) (4.8)

Here, N (µt, Σt) denotes a multivariate normal distribution with mean µt and covariance Σt.

Second, it assumes that both state transitions and the observations are modeled linearly with
added Gaussian noise (i.e. linear Gaussian):

xt = At xt-1 + εt ; εt ∼ N (0, Qt) (4.9)

yt = Ct xt + δt ; δt ∼ N (0, Rt) (4.10)

Here, At is the state transition matrix that defines a linear transformation of the previous state
and Ct is the observation matrix defining a linear relationship between states and measure-
ments. The process noise εt and the observation noise δt correspond to added zero-mean
Gaussian noise with covariance matrices Qt and Rt respectively.

The motion model and the observation model are thus given by a (possibly time-varying)
normal distribution as follows:

p
(
xt
∣∣xt-1) ∼ N (Atxt-1, Qt) (4.11)

p
(
yt
∣∣xt) ∼ N (Ctxt, Rt) (4.12)

Finally, the complete recursive formulation of the Kalman filter algorithm is shown in Algo-
rithm 4.1 (see e.g. [152] for a complete derivation). It is distinguished between the time update

step (predicting the state) and the measurement step (incorporating new measurement).

Algorithm 4.1 Kalman Filter
Require: µt-1,Σt-1,yt

1: /* time update: */
2: µ̂t = Atµt-1
3: Σ̂t = At Σt-1 AT

t + Qt

4: /* measurement-update: */
5: Kt = Σ̂t C

T
t (Ct Σ̂t C

T
t + Rt)

−1

6: µt = µ̂t + Kt (yt −Ct µ̂t)
7: Σt = (I−Kt Ct) Σ̂t

8: return µt,Σt

Given the restriction on linear motion and observation models, the Kalman filter has not
been used successfully for articulated human pose estimation, as both the motion models and
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SECTION 4.1 Recursive Bayesian Estimation

the observation models are usually highly nonlinear [141]. Furthermore, the use of normally
distributed posteriors poses the limitation of unimodal state estimates only. However, observa-
tion models for human pose estimation are often ambiguous, leading to multimodal posteriors.
The behavior of the Kalman filter in this respect is undesirable, making it (almost) impossible
to resolve ambiguities later on in the light of new observations.

4.1.2 Extended Kalman Filter

The Extended Kalman Filter (EKF) [73] relaxes some constraints of the linear Kalman filter,
at the price of optimality. While still assuming that the resulting posterior pdf can be approx-
imated by a mean and a covariance matrix, the motion model and the observation model no
longer need to be linear functions of the state as long as they are differentiable (compare with
Equations 4.9 and 4.10):

xt = g(xt-1) + εt ; εt ∼ N (0, Qt) (4.13)

yt = h(xt) + δt ; δt ∼ N (0, Rt) (4.14)

The functions g and h are used to predict the new state or to compute the expected measure-
ment from the predicted state. To be able to update the covariances, the Jacobians G of g and
H of h (i.e. the matrices of partial derivatives) at the respective state estimates have to be com-
puted. They can essentially be seen as locally linear approximations of the nonlinear functions
g and h. This results in a first-order Taylor expansion of the motion and observation models.
The recursive estimation via the time update and measurement update in Algorithm 4.1 is then
adapted as described in Algorithm 4.2.

Algorithm 4.2 Extended Kalman Filter
Require: µt-1,Σt-1,yt,Gt,Ht

1: /* time update: */
2: µ̂t = g(µt-1)
3: Σ̂t = Gt Σt-1 GT

t + Qt

4: /* measurement-update: */
5: Kt = Σ̂t H

T
t (Ht Σ̂t H

T
t + Rt)

−1

6: µt = µ̂t + Kt (yt − h(µ̂t))
7: Σt = (I−Kt Ht) Σ̂t

8: return µt,Σt

The EKF usually provides good results unless the nonlinear mappings g and h have high
curvature near the state estimates and/or the estimates have a high uncertainty. In human
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pose estimation, these requirements are often violated, partially because of the tendency of
the observation model to “jump” between different ambiguous states (e.g. switching the legs
all of a sudden). Furthermore, the restriction on unimodal posteriors still holds. Because of
these limitations, the EKF is rarely used for human pose estimation. Wachter and Nagel [162]
use an iterative EKF (IEKF) and a 10 d.o.f. model for monocular tracking of motions parallel
to the image plane. The IEKF is also used by Mikic et al. [97] to track a 23 d.o.f. model using
a 3D voxel reconstruction from 6 cameras.

An alternative to the EKF is the so-called Unscented Kalman Filter (UKF) [76], that uses
a different (stochastic) method to linearize the nonlinear mapping g and h of a Gaussian. In
short, the UKF transforms a set of so-called sigma points of a Gaussian state estimate (located
at the mean and symmetrically along the main axes of the covariance defined by the eigen-
vectors) by passing them through g and h. The resulting points are then used to calculate the
linearized Gaussian (see e.g. [152] for a more detailed description). This method is more ac-
curate (second-order approximation) than the linearization by first-order Taylor expansion as
applied by the EKF. In many practical applications however, the difference between UKF and
EKF is negligible, as the general restrictions for the EKF still apply. The UKF has nonetheless
been successfully applied to the task of rigid 3D hand tracking [144], but to the best of our
knowledge, no tracking of articulated models has been shown using the nonlinear extensions
of Kalman filters presented in this section.

4.1.3 Particle Filters

All of the estimators for Bayesian filtering presented so far assume that the posterior pdf can
be approximated by a Gaussian. Particle Filters are sequential Monte Carlo methods (i.e.
stochastic methods based on random sampling) and provide the highest generality of all esti-
mators for Bayesian filtering. They are nonparametric and thus able to approximate arbitrary
pdfs, using a set of point-based estimates. Furthermore, neither motion nor observation mod-
els are restricted to linear mappings.

The posterior pdf at every timestep is approximated by a set St = {〈x(i)
t , w

(i)
t 〉}

N

i=1 of
N weighted particles that consist of point-based state estimates x

(i)
t and associated normalized

weights w(i)
t with

∑N
i=1w

(i)
t = 1. Each particle can be seen as a hypothesis for the true state

at time t.

Formally, the discrete approximation of the posterior can be expressed as follows using the
Dirac delta function δ:
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p
(
xt
∣∣y0:t

)
≈

N∑
i=1

w
(i)
t δ(xt − x

(i)
t ) (4.15)

In practice, the samples x
(i)
t cannot be drawn directly from the true posterior distribution,

as it is unknown. Therefore, we have to sample our point estimates from a known and easy
to sample proposal distribution q

(
xt
∣∣y0:t

)
. Ideally, the proposal distribution should resemble

the target distribution p
(
xt
∣∣y0:t

)
as close as possible. The only formal requirement however

is that it must have non-zero probabilities in all regions where the target probability has non-
zero probabilities. The importance weights w(i)

t in Equation 4.15 are needed to convert the
unweighted sample set {〈x(i)

t ,
1
N
〉}
N

i=1
that has been sampled from the proposal distribution

into a weighted sample set St = {〈x(i)
t , w

(i)
t 〉}

N

i=1 that is distributed according to the target
distribution. This is achieved when computing the weights as follows:

w
(i)
t =

target distribution
proposal distribution

=
p(x

(i)
t | y0:t)

q(x
(i)
t | y0:t)

(4.16)

The aforementioned principle is known as importance sampling [47].

The particle set St including the importance weights w(i)
t can be computed recursively. We

will assume that we start with a valid particle set St-1 of unweighted particles that approximate
the posterior pdf p

(
xt-1
∣∣y0:t-1

)
from the last timestep. As proposal distribution, we will choose

the prior pdf from Equation 4.4. We can easily sample from this distribution by applying the
motion model p

(
xt
∣∣xt-1) to all particles in St-1 (see Section 4.2). The importance weights in

Equation 4.16 are then calculated using substitutions from Equations 4.4 and 4.5:

w
(i)
t =

η p(yt | x(i)
t ) p(x

(i)
t | y0:t-1)

p(x
(i)
t | y0:t-1)

= η p
(
yt
∣∣x(i)

t

)
(4.17)

Here, η is a normalizing constant that can be omitted when normalizing the importance
weights in St. As can be seen, the weights are easily computed by evaluating the likelihood

p
(
yt
∣∣xt) as defined by the observation model (see Section 4.3). Under the aforementioned

assumptions, Equation 4.15 will converge towards the posterior pdf as the number of particles
N grows towards infinity.

This particle-based approach to recursive Bayesian estimation is known as sampling impor-

tance resampling (SIR) algorithm. In each timestep, the particle set St-1 from the previous
timestep is transformed into the particle set St in three sequential steps. Figure 4.2 and Algo-
rithm 4.3 depict this strategy. The prediction step corresponds to drawing the particles from
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St-1 Resample Predict Update St

Motion
Model

Observation
Model

MAP
estimate x̂t

FIGURE 4.2 One timestep of Sampling Importance Resampling. The weighted particle set St-1
from the previous timestep is resampled to create an unweighted set where particles have
been drawn with probability proportional to their weights. The resampled particles are then
used to predict new states according to the motion model. In the last step, particle weights
are updated based on the current observation. This yields the new weighted particle set St,
from which a final state estimate x̂t can be computed.

Algorithm 4.3 Sampling importance resampling (SIR)

Require: St-1 = {〈x(i)
t-1, w

(i)
t-1〉}

N

i=1 /* particle set from previous timestep */

1: St = ∅
2: for n = 1 to N do

3: draw i with probability ∼ w
(i)
t-1 /* resample */

4: sample x
(n)
t ∼ p(xt | x(i)

t-1) /* predict */

5: w
(n)
t = p(yt | x(n)

t ) /* update */

6: St = St ∪ {〈x(n)
t , w

(n)
t 〉} /* add to particle set */

7: end for

8: return St = {〈x(i)
t , w

(i)
t 〉}

N

i=1 /* particle set for current timestep */

the proposal distribution (i.e. the prior pdf), while the update step computes the importance
weights that change the underlying distribution to the target distribution (i.e. the posterior pdf).
Afterwards, the importance weights are normalized such that they sum up to 1. An additional
resampling step is added before the prediction to transform the weighted particle set into an
unweighted particle set without altering the underlying distribution. This is achieved by draw-
ing particles from St-1 with probability proportional to their weights. As a result, particles
with high likelihood are expected to multiply, while particles with low likelihood might be re-
moved from the set, which helps to prevent the particle set from becoming degenerated [47].
The resampling step is sometimes performed after the update step, which is otherwise equiva-
lent. The only difference is that the particle set St will constitute an unweighted representation
of the posterior pdf in this case.

In tracking, one is usually interested in a maximum a posteriori (MAP) estimate x̂t of the
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posterior, i.e. in its global mode. We can approximate this estimate by selecting the particle
x
(j)
t from St with the highest associated weight w(j)

t . Alternatively, we can use the particle set
to approximate expectations of interest (e.g. the mean) from the set of available particles:

E[f(xt)] ≈
N∑
i=1

f(x
(i)
t )w

(i)
t (4.18)

Note that calculating the mean of a distribution and using it as the final estimate for the tracked
state is only recommended for unimodal distributions.

Although particle filters provide a general and elegant methodology for recursive state es-
timation, we need to bear in mind some of the drawbacks of SIR as presented in this section.
First of all, the number of particles needed to approximate a pdf grows exponentially with the
dimensionality d of the state space X . Therefore, SIR quickly becomes intractable when used
in conjunction with high-dimensional models. We will present some options how to modify
SIR to help in overcoming this limitation later in this chapter (Sections 4.4 and 4.5). A com-
mon point of criticism is the choice of the proposal distribution as in Equation 4.17. By using
the prior pdf as the proposal, the current observation yt is not involved when drawing particles
from the proposal. Other variants such as the auxiliary particle filter (AuxPF) [111] or the
unscented particle filter (UPF) [159] have been proposed that incorporate the latest observa-
tion to improve the efficiency of the particle set by a more informed selection of particles.
Although this facilitates tracking with fewer particles, the computational costs for additional
particle evaluations reduce the potential efficiency gain. Therefore, parametric approximations
are often used to provide approximations for these evaluations. It yet remains to be evaluated
whether suitable approximations can be found in the case of human pose tracking.

4.2 Motion Model

As discussed in the last section, probabilistic tracking can be formulated recursively in two
alternating steps: prediction and update. While the general principles and algorithmic de-
tails of common Bayesian estimators are well-defined, the challenges in creating a successful
tracking application lie in (•) the choice of a suitable Bayesian estimator (•) the choice of
a representative motion model p

(
xt
∣∣xt-1) to estimate the prior pdf according to Equation 4.4

(•) the choice of a powerful observation model p
(
yt
∣∣xt) that allows for a correct and accu-

rate representation of the posterior pdf according to Equation 4.5. We have already shown that
particle filters provide a suitable framework for the estimation, considering the multi-modal
distributions and non-linear motion and observation models that are typical in human pose
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estimation. We will now describe our choice for the motion model.

The motion model is relevant for describing the temporal evolution of a state (i.e. a human
pose) during tracking. Ideally, precise knowledge of the human dynamics would enable us
to directly predict a future state from the current state. Sometimes, the state space can be
augmented with parameters describing the current dynamics of the system, e.g. velocity or
acceleration. These parameters can then be used to predict the new pose based on first-order
(constant velocity) or second-order (constant acceleration) dynamics. In practice, both con-
stant velocity and constant acceleration models tend to produce unreliable predictions. While
constant velocity simply is not a good model to describe human motions, constant acceleration
is a reasonably well approximation of the angular motions in human body joints as long as no
physical interaction with the environment takes place (e.g. ground plane contact). A severe
problem with constant acceleration models is the difficulty to get an accurate estimate of the
acceleration, as the framerates of the recording cameras are usually too low and produce an
undersampling of the continuous velocity profile.

More complex motion models are often learned from exemplar motions using techniques
such as Hidden Markov Models (HMM) [30, 119]. Some approaches try to estimate a low-
dimensional manifold inside the high-dimensional pose space, e.g. by using Principal Compo-

nent Analysis (PCA) [135, 158] or Gaussian Process Dynamical Models (GPDM) [163, 157].
While this enables efficient and accurate predictions of known motions, exemplar-based meth-
ods are unable to predict arbitrary, yet unobserved motions. Another problem is that exemplar
motions are difficult to come by, so either marker-based motion capture systems need to be
employed, or the motions need to be modeled manually by experts.

Considering the limitations of the aforementioned motion models, we decided to use the
simplest and most general motion model for tracking. Thus, we use a static pose assump-
tion and add a Gaussian white noise term δ to account for the uncertainty introduced by the
unknown motion. Our motion model can be written formally as follows:

xt = xt-1 + δ ; δ ∼ N (0, Σ) (4.19)

Here, Σ is a diagonal matrix where the diagonal entries correspond to the variance σ2
j of the

j-th component of x. The variance influences the amount of diffusion for each pose parameter
or joint angle in the state vector x. It is specified only once before tracking, and is depen-
dant on the frames per second (f.p.s.) of the recordings. We have estimated biomechanical
maximum angular velocities vmaxbp for each body part bp based on isolated motion capture
experiments and data provided by sport scientists (see Section 3.3.2). These can be trans-
formed into body-part dependant inter-frame standard deviations σbp by considering the f.p.s.
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used for tracking. For sequences captured at 25 f.p.s., standard deviations range from 0.2◦

for some of the joints in the spine up to 37.8◦ for the torsion of the forearms (the values for
σbp were estimated from Table 3.4 by dividing each component with the f.p.s.). During our
experiments, we have limited all components of σbp to a maximum of 12.5◦, or else the track-
ing would become both inaccurate and inefficient. Note that the absolute angular difference
between two frames can actually be much higher than suggested by these values, as we use
iterative annealing strategies in our tracker that effectively extend the reach (we will introduce
these strategies later in this chapter). Equation 4.19 implements line 4 in Algorithm 4.3.

This simple motion model is capable of tracking arbitrary human motions. However, the
uninformed prediction comes at a computational expense, as we have to use more particles
for successful tracking. In Chapter 6 we will present informed motion models that are learned
from exemplar data that has been retrieved using this simple and unconstrained motion model.
These can be updated incrementally over time, enabling the human motion tracker to adapt
itself towards environment-specific activities.

4.3 Observation Model

After presenting the motion model in the last section, we will now describe the observation
model we use for human pose estimation. During development of the observation model, our
primary objective was to provide an unintrusive setup for automated observation of human
motions with passive sensors only. Furthermore, secondary objectives have been (•) the use of
affordable and common sensor hardware (•) the development of generally applicable models
that run in different scenarios without the need for parameter tuning (•) the development of
highly accurate yet computationally feasible models.

The difficulty in human motion tracking, besides the high dimensionality of the problem,
is the fact that one tries to estimate a 3D articulated human pose from 2D sensors. We have
decided to use a setup with multiple CCD cameras from different viewpoints to tackle the
problem (Figure 2.1). Single view setups suffer from view ambiguities and self-occlusion in
human postures. Even when using sensors that output 3D data, such as stereo cameras [112,
64, 11] or time-of-flight cameras [82], recognition is still restricted to frontal or at best side
views of human postures, unless learned models of previously observed human motions are
employed [137].

Our observation model is based on an analysis-by-synthesis approach, where rendered sil-
houette shape projections of predicted particle states are compared to foreground masks ex-
tracted once per timestep by means of a foreground-background segmentation of the current

67



CHAPTER 4 Human Pose Tracking

FIGURE 4.3 Binary region masks used in observation model. The foreground region masks
IF (top row) are extracted using foreground-background segmentation, and compared to
the rendered projection masks I(n)P (bottom row) of the human model and a predicted state
estimate x

(n)
t . Masks are shown for three different camera views and a matching prediction.

images (Figure 4.3). A good overlap indicates a good pose estimate and should result in a
high particle weight. This strategy is quite common in human pose estimation [2, 46, 121], as
silhouette shapes provide rich and almost unambiguous information about a human pose, pro-
vided that enough cameras are used (see a discussion in Section 4.6.1). This holds despite the
lack of depth or luminance information. Another advantage is that silhouette shapes are easy to
extract by means of standard foreground-background segmentation techniques [143, 49, 80].

We will assume a calibrated setup of multiple cameras (a minimum of three is required
but also sufficient in most cases) that are placed such that their viewing directions towards
the common area of interest differ by at least 30◦. Additionally, no two cameras should be
placed opposite of each other, as this will result in mirrored silhouettes that contain little ad-
ditional information. Internal and external calibration of the cameras is performed using com-
mon techniques [154, 173]. Furthermore, we will assume that a technique for the extraction
of silhouette shapes is readily available. In our approach we use the codebook foreground-
background segmentation method by Kim et al. [80], that provides sufficient results in most
cases. However, the method could be easily replaced by more sophisticated techniques if
necessary [124, 172]. Note that the computational expenses for the foreground-background
segmentation are negligible when compared to the particle evaluations, as they have to be
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computed only once per timestep.

Both the foreground mask IF extracted from the current image by means of foreground-
background segmentation, and the projection masks I(n)P ; n = 1 . . . N for the N states pre-
dicted by the current particle set are binary region masks, where I[x, y] ∈ {0, 1} corresponds
to the binary value of the region mask I at pixel [x, y]. Thus, we can define the following
pixelwise logical operators on binary region masks that will be used throughout this thesis:

AND(Ia, Ib)[x, y] = Ia[x, y] ∧ Ib[x, y] (4.20)

XOR(Ia, Ib)[x, y] = Ia[x, y] ∨ Ib[x, y] (4.21)

DIFF(Ia, Ib)[x, y] = Ia[x, y] 	 Ib[x, y] (4.22)

XOR(Ia, Ib)[x, y] = Ia[x, y] 4 Ib[x, y] (4.23)

NOT(I)[x, y] = ¬I[x, y] (4.24)

COUNT(I) =
∑
x,y

I[x, y] ; I[x, y] ∈ {0, 1} (4.25)

The four binary operators AND, OR, DIFF and XOR correspond to pixelwise intersection
(∧), union (∨), difference (	) and symmetric difference (4) operations on the two image
masks Ia and Ib. NOT specifies inversion (¬). To simplify matters, we assume that these
operations work on the image masks of all cameras in parallel (i.e. one can assume that region
masks from different cameras are stitched together to one big mask). The COUNT operation
is used to sum up the non-zero pixels of all cameras.

The absolute shape error e(n)s corresponding to the mismatch between a predicted mask I(n)P

and the observed foreground mask IF is then calculated as follows:

e(n)s = COUNT(XOR(I
(n)
P , IF ) ) (4.26)

In contrast to many other approaches (e.g. [46, 14]), we do not use a sum-of-squared-distances

(SSD) error measure between selected points on the model and the foreground mask (this
would correspond to COUNT(DIFF(I

(n)
P , IF ) ) in our notation). While these approaches are

able to explain a projection by the observed foreground mask, the XOR error measure also
takes into account that the foreground mask should be covered as good as possible by the
projection. When ignoring this, arms tend to stick to the torso unless other visual cues are
incorporated, e.g. edges (that however tend to be unreliable with clothing). Other approaches
that account for this problem are e.g. based on Chamfer distances [139]. While being elegant
solutions, the calculation of distance transforms for each projection mask quickly becomes
prohibitive as the number of particle evaluations increases.
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380×288
IMG

380×288
RLE

640×480
IMG

640×480
RLE

1920×1080
IMG

1920×1080
RLE

Render Mask 6.20 s 3.02 s 9.13 s 4.00 s 14.75 s 7.14 s

Calculate Error 1.07 s 0.11 s 3.08 s 0.14 s 29.75 s 0.32 s

Overall 7.27 s 3.13 s 12.21 s 4.14 s 44.50 s 7.46 s

TABLE 4.1 Processing times for 104 particle evaluations of the weight function when using
image based region masks (IMG) or run-length-encoded region masks (RLE). Processing
times are listed for rendering the projection mask IP , for calculating the absolute shape
error es according to Equation 4.26, and overall. As can be seen, error calculations can
become prohibitive for large image sizes unless RLE is used. When using RLE, the pro-
cessing time is dominated by the rendering of the silhouette masks, and increases only
sublinearly with respect to the image size.

It should be noted that using the symmetric difference (XOR) requires the whole image
mask to be processed, which can also be computationally expensive if implemented trivially.
We alleviate the increased computational expense by representing region masks using run-

length-encoding. Here, the binary masks are represented as a list of intervals (chords) defined
by their row and their start and end column image coordinates. Such a representation is very
efficient both for morphological preprocessing steps as well as for the bitwise logical opera-
tions presented in Equations 4.20 to 4.25. The complexity of these operations is effectively
reduced from O(xy) to O(cy), with x and y being the width and height of the image and c
being a constant for which c�x holds. Table 4.1 present a comparison of the processing time
(on a consumer laptop) for a repeated computation of 104 update steps for a single particle
(including the rendering of the projection masks and the error measure according to Equa-
tion 4.26). As these operations are by far the most expensive ones in our tracking algorithm,
the impact of the run-length-coded region masks becomes evident, especially when processing
high resolution images from Full HD videos.

A remaining problem is the calculation of particle weights w(n) from the absolute error
measure e(n)s . In particular, we are missing a point of reference that would enable us to make
a qualitative statement about e(n)s . Because the maximum region area for the model projection
varies with the state estimate x(n), it is not suited to serve this purpose. Furthermore, when
normalizing the errors with respect to the absolute projection area, it becomes difficult to
distinguish between subtle differences in absolute errors, such as when a lower arm is only
slightly off. Instead, we propose to use the following mapping from absolute errors to particle
weights:
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w(n) = 1−
e(n)s −min

n
e(n)s

max
n

e(n)s −min
n
e(n)s

(4.27)

Here, the errors from Equation 4.26 are scaled relatively to all other errors that have been
calculated for the predicted particle states x(n). Thus, the particle with the lowest error gets a
weight of 1, while the particle with the highest error gets a weight of 0. Scaling the error in
such a way not only manages to separate good from bad particles without having to interpret
absolute error values, it is also a good possibility to influence the survival diagnostic D:

D =
1∑N

n=1w
(n)2

(4.28)

The survival diagnostic was introduced by MacCormick and Isard [94], and gives an estimate
of the number of particles that will survive a resampling step (i.e. the effective sample size [9]).
We found that it can also serve as a tool for controlling the particle spread in a non-parametric
way. In our experiments, the best tracking results were achieved when only about a third of
the particles survive each resampling step, which protects the particle set from the degeneracy
problem [9]. Because particle weights computed by Equation 4.27 are (usually equally) dis-
tributed across the interval [0 : 1], we can use one of the following equations to fine-tune the
survival diagnostic:

w(n) = w(n)β (4.29)

w(n) = 1−
(
1− w(n)a

)b
(4.30)

Figure 4.4 plots these functions for various parameterizations. While Equation 4.29 is more
intuitive (β<1⇒ larger D, β>1⇒ smaller D), Equation 4.30 provides fine-grained control
over how many of the top-weighted particles should be kept. It is usually sufficient to set
these parameters only once when designing the tracking algorithm, which effectively makes
the observation model presented in this section a non-parametric one. In all our experiments
we have set β=8 or a=16 ; b=8 respectively.

Some related model-based approaches do not employ silhouette shapes directly, but rather
use them to carve a convex 3D shape out of Euclidean world space R3. These shapes are
often referred to as visual hulls, and usually require at least 6-8 viewpoints for an accurate
approximation of human shapes. Kehl and Van Gool [79] use nearest-neighbor distances and
Horaud et al. [68] also surface normals to register a human model to the surface of the visual
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FIGURE 4.4 Weight scale functions for controlling the survival diagnostic D. a) Using a
single parameter β according to Equation 4.29. The weight function is smoothed for β<1
(i.e. more particles survive), or sharpened for β>1 (i.e. fewer particles survive). b) Using
two parameters a and b according to Equation 4.30, enabling more fine-grained control.

hull, however it is unclear whether this provides an improvement over evaluating multiple
2D silhouettes directly, considering that the underlying information is the same. A more
common use of visual hulls is in approaches that do not rely on a prior shape model of humans
but instead estimate the articulated structure directly from the temporal sequence of visual
hulls [39, 6]. When compared to visual hulls, observation models based on 2D silhouette
shapes can be beneficial when it comes to handling occlusions and dynamic objects, as will
be shown in Section 5.2.

The observation model presented so far solely relies on shape cues (although color infor-
mation is used for the foreground-background segmentation). In Section 5.1.2 we will show
how the weighting function can be augmented with learned color-based appearance models of
the humans.

4.4 Hierarchical Sampling Strategies

Particle filters try to solve the Bayesian filtering problem by approximating the posterior pdf
through discrete samples. They are very effective in doing so as long as the state space is
reasonably small. However, with increasing dimensionality, the number of particles necessary
for a sufficiently good approximation grows exponentially, as the whole state space needs to be
sampled. The required quantities of particles thus quickly become intractable. To get a better
understanding of this problem, one can calculate the effective particle count per dimension cd
given the number of particles N and the dimensionality of the state space d as follows:

cd =
d
√
N (4.31)
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The effective particle count cd corresponds to the number of particles available for each
dimension when distributing all particles according to an uniformly spaced grid across the
state space. Thus, to have an effective particle count of 10 per dimension, one needs 1000

particles when the dimensionality of the state space is 3, but one would need 1030 particles
for an estimation problem with 30 d.o.f. Note that cd should be considered as a demonstrative
quantity for the general problem of exponential growth in particles with dimensionality. In
practice, particle filters are often successful with fewer effective particles per dimension, as
the probability mass is not equally distributed across the state space.

The variants of particle filtering presented so far (Section 4.1.3) are therefore not suited
for tracking high-dimensional articulated models such as the ones necessary for human pose
estimation. Although successful tracking has been demonstrated for problems with < 10

dimensions, e.g. robot localization [152] or contour based tracking of hand models [71], no
mentionable results have been shown for model-based human pose estimation.

To deal with the curse of dimensionality, two different strategies seem promising and have
been proposed in the literature. First, instead of approximating the full posterior pdf, one can
try to concentrate particles around the modes of the distribution, as these are relevant areas
of the pdf when estimating the most likely pose for a timestep. Second, the state space can
be divided into smaller partitions that are evaluated independently. We will discuss these two
directions in the following sections.

4.4.1 Annealed Particle Filter

Traditional SIR particle filtering aims at approximating the posterior pdf, whereas in high
dimensional tracking (≥ 10 d.o.f.), the number of particles is clearly insufficient for such an
approximation. However, in tracking applications one is usually interested in computing the
maximum a posteriori (MAP) estimate x̂t for each timestep t, i.e. the global mode of the
posterior pdf:

x̂t = argmax
xt

p
(
xt
∣∣y0:t

)
(4.32)

Thus, a strategy to deal with the problem of high dimensionality in particle filtering is to focus
particles around the modes of the pdf. This helps to increase particle efficiency and thus to
reduce the number of particles necessary for successful tracking, facilitating its application to
higher dimensional tracking problems.

Deutscher and Reid [46] have proposed the annealed particle filter (APF) in the context of
human pose estimation as a variant of particle filtering that complies with the aforementioned
strategy (they show results on a short sequence with 34 d.o.f.). It can be seen as a combina-
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tion of particle filtering with the concept of simulated annealing [81]. Their method shares
some ideas with annealed importance sampling (AIS), which was introduced by Neal [105] as
an importance sampler for high-dimensional problems with isolated modes in the context of
Markov Chain Monte Carlo (MCMC) methods. Gall et al. [56] provide an in-depth analysis
of both methods, which they term interacting simulated annealing (generalization of APF)
and interacting annealed sampling (variant of AIS). They show that APF is superior in high-
dimensional motion tracking tasks, as it converges towards the global modes (they show an
application with 18 d.o.f.). AIS on the other hand provides a better approximation of the poste-
rior density, but is not as powerful in retrieving the final MAP estimate x̂t for high-dimensional
tracking tasks. We will thus focus our description on the APF algorithm for the remainder of
this chapter.

Simulated annealing has been introduced in the context of Markov Chain Monte Carlo

(MCMC) methods as an efficient means to estimate the global mode of a pdf. In MCMC meth-
ods [4], a pdf is approximated by simulating a Markov Chain (e.g. by using the Metropolis-

Hastings algorithm [96]) whose invariant distribution will converge towards the pdf (i.e. the
samples drawn will represent the pdf). In simulated annealing, samples are no longer drawn
according to p(x), but from a distribution pi(x) ∝ p(x)1/Ti , where i is the index of the current
iteration, and Ti corresponds to the temperature as defined by a decreasing cooling schedule
(thus the term annealing). As the temperature decreases (with limi→∞ Ti = 0), the invariant
distribution will become equal to p(x)∞, which under weak regularity assumptions on p(x) is
a pdf whose probability mass is concentrated on the global modes of p(x). Thus, simulated
annealing is a method to perform stochastic optimization on a pdf p(x).

The concept of simulated annealing can be translated from MCMC methods to particle fil-
tering. Instead of using a single particle to sample from the posterior distribution, the principle
of annealing is applied to a whole set of particles in the APF. This turns out to be crucial when
trying to estimate the global modes of a high-dimensional pdf where the probability mass is
sparsely distributed across the state space, as is the case in human pose estimation. The details
of the APF are depicted in Algorithm 4.4, which is additionally visualized in Figure 4.5. Note
that in accordance with [46], the layer iterations will be labelled in descending order from
m =M to m = 1, and St,m will correspond to the particle set at timestep t and iteration m.

In each timestep, a multi-layered search (starting from layerm =M to layer 1) is conducted
to gradually move the particle set towards the global maximum. Each iteration corresponds to
a slightly modified version of SIR particle filtering with two key modifications.

First, the amount of diffusion added during the prediction step is gradually reduced, so that
the initially broad search region becomes fine-grained towards the last iterations. This strat-
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Algorithm 4.4 Annealed particle filter (APF)

Require: St-1 = {〈x(i)
t-1, w

(i)
t-1〉}

N

i=1 /* particle set from previous timestep */

〈αM , . . . , α1〉 /* diffusion variance scheme */

〈βM , . . . , β1〉 /* annealing scheme */

1: St,M+1 = St-1
2: for m =M to 1 do /* iterate through layers */

3: St,m = ∅
4: for n = 1 to N do

5: draw i with probability ∼ w
(i)
t,m+1 /* resample */

6: x
(n)
t,m = x

(i)
t,m+1 + δ ; δ ∼ N (0, αmΣ) /* predict with scaled diffusion */

7: w
(n)
t,m = p(yt | x(n)

t,m)
βm

/* update using annealed weight functions */

8: St,m = St,m ∪ {〈x(n)
t,m, w

(n)
t,m〉} /* add to current layer particle set */

9: end for

10: end for

11: St = St,1

12: return St = {〈x(i)
t , w

(i)
t 〉}

N

i=1 /* particle set for current timestep */

egy is a natural way to account for the decreased uncertainty as the search progresses, and
increases the estimation accuracy when approaching the global maximum (see Figure 4.6 for
an illustration). The exact amount of diffusion in each iteration is controlled by the diffusion
variance scheme 〈αM , αM−1, . . . , α1〉, where αm ≤ 1 defines the scaling factor for the dif-
fusion variance in iteration m (a common choice for this schedule is to halve the variance in
every iteration, i.e. αM=αM−1= . . .=α1=0.5).

The second modification for the SIR steps is the annealing of the weight function in the
update steps by exponentiating the particle weights as in Equation 4.29 with βm dependant
on the current iteration m. By increasing βm with each iteration according to a predefined
annealing scheme βM < βM−1 < . . . < β1, particle survival will be increasingly coupled
to state space regions with high observation weights. In other words, particles are able to
move around the state space more freely during early iterations, thus having the potential
to escape local maxima. In the last iterations however, particles will concentrate in regions
with high probability, and eventually they should converge towards the global modes. When
viewed from a different perspective, annealing the weight function over several iterations has
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the effect of gradually reducing the survival diagnosticD as introduced in Equation 4.28, until
only a few (i.e. the fittest) particles survive each resampling step.

St-1 Resample Predict(αm) Update(βm) St

Decreasing
uncertainty

Increasing
sharpness

MAP
estimate x̂t

m=M

m=m−1

m==1

m
>

1

FIGURE 4.5 One timestep of Annealed Particle Filtering. The final particle set is estimated in
M iterations . Each iteration is comparable to a SIR step, where the amount of diffusion (i.e.
uncertainty) added during the prediction step is reduced with each iteration by a factor αm,
and where the weighting function in the update step is annealed according to the scheme
〈βM , βM−1, . . . , β1〉 . This annealing has the effect of gradually sharpening the weight
function to slowly push particles towards the global maximum.

Figure 4.6 visualizes the iterations of the APF during one timestep when used for human
pose estimation, i.e. when the states of the particles correspond to a specific posture of a human
model. It illustrates the effect of gradual convergence towards the global maximum that is due
to the scaling of the diffusion variances and the annealing of the weight function.

It should be mentioned that focusing particles only around the global modes of the posterior
violates the formulation of the SIR particle filter as a general solution to the recursive Bayesian
estimation as presented in section 4.1.3. The ability to represent multi-modal distributions
and thus to overcome tracking ambiguities in the light of new data is partially lost. In practice
however, recovery from temporary tracking failures is often possible due to the multi-layer
search mechanism of the APF that results in a larger area of convergence.

4.4.1.1 Covariance Scaled Diffusion

APF works best when the number of layers is large, i.e. when the particle set is given time to
slowly converge towards the global maximum. This implies that there is a trade-off between
accuracy and efficiency, and often accurate tracking results in high-dimensional spaces come
at the expense of the latter. The intuitive reason behind this is that APF searches the whole
state space at once, repeatedly over several layers. However, knowledge about the state space
from previous iterations is not taken into consideration. Effectively this means that parts of
the state space with low probability mass are repeatedly revisited, and that particle aggrega-
tions in regions with high probability mass are reshuffled in every iteration. Another shuffling
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FIGURE 4.6 Visualization of the particle set during the iterations of the annealed particle filter
(for 10 layers). Particles are rendered with their corresponding pose estimate. Higher color
temperature corresponds to higher weights. With each iteration, diffusion is reduced and
particles eventually cluster around the global maximum.

effect becomes evident when using articulated models, due to their kinematic dependencies.
Consider e.g. joint angle parameters that are far away from the origin of the kinematic chain
(such as wrists, elbows). These parameters are continuously estimated in every iteration even
when the parameters of their kinematic predecessors are still highly uncertain. This can result
in bad joint angle estimates being favored over good ones to correct observation errors intro-
duced by incorrect estimates of the preceding parameters (according to Equation 4.26). After
several iterations this effectively shuffles the inner and especially outer limb parameters, and
prior knowledge from the last timestep is lost.

The aforementioned difficulties can be attributed to the lack of knowledge about kinematic
dependencies of the state parameters in APF estimation. Instead, all parameters are assumed
to be independent, which is not the case in human pose estimation. Deutscher et al. [46]
have proposed adaptive diffusion as a means of soft hierarchical partitioning to alleviate the
associated problems. Here, diffusion is adaptively guided based on how well a parameter
has already been estimated, and the search becomes focused in regions where the optimal
parameters could not yet be determined. A similar idea was presented by Sminchisescu and
Triggs [141] as covariance scaled sampling in the context of monocular tracking to favor
particle diffusion along the directions of the unobservable d.o.f. To be neutral, we will refer to
this method as covariance scaled diffusion.

In covariance scaled diffusion, the random diffusion vector δ that is added to each state
parameter during prediction (line 6 of Algorithm 4.4) is sampled based on a Gaussian approx-
imation of the state space density that is derived from the particle set St,m+1 of the previous
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iteration m+1 (except when m =M ). This improves the effectivity of the search strategy by
incorporating prior knowledge about the state space, which results in diffusion that is adaptive
to the directions of high uncertainty. Mathematically, the diagonal matrix Σ from line 6 of
Algorithm 4.4 is replaced by the sample covariance matrix Σt,m+1 of the particle set St,m+1

from the previous iteration (except when m = M , in which case the diagonal matrix Σ will
still be used):

Σt,m+1 =
1

N − 1

N∑
i=1

(x
(i)
t,m+1 − x̄t,m+1) · (x(i)

t,m+1 − x̄t,m+1)
T (4.33)

where x̄t,m+1 is the sample mean from that iteration:

x̄t,m+1 =
1

N

N∑
i=1

x
(i)
t,m+1 (4.34)

The random diffusion term δ in Equation 4.19 is now sampled from the multi-variate normal
distribution N (0, Σt,m+1) calculated from the particle set St,m+1.

Sampling from the multi-variate normal distribution N (0, Σt,m+1) is done by means of
eigendecomposition of the covariance matrix Σt,m+1. For numerical stability (especially since
Σt,m+1 might be singular in practice), it is best to use singular value decomposition (SVD) to
find the eigenvectors and corresponding eigenvalues:

Σt,m+1 = UΛUT (4.35)

As Σt,m+1 is a positive semi-definite symmetric d×d matrix, the column vectors of U =

(e1 . . . ed) correspond to its eigenvectors. Furthermore, Λ is a diagonal matrix with the corre-
sponding eigenvalues λi as diagonal entries.

Now let Λ1/2 be a diagonal matrix with the squareroots of the eigenvalues, and z =

(z1, . . . , zd)
T a vector whose components zi ∼ N (0, 1) are d independent standard normal

variates (such variates can be computed using the Box-Muller method [117]). To account
for the variance along the direction of the corresponding eigenvector ei, we need to scale the
random components zi by the squareroot of the eigenvalues λi:

z′ = Λ1/2 z (4.36)

The so-generated random noise vector z′ is transformed from the space spanned by the eigen-
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vectors into the state space by multiplying it with the eigenvector matrix U:

δ = U · z′ (4.37)

The resulting vector δ is the requested sample from the multi-variate normal distribution
N (0, Σt,m+1) and is used to diffuse the prediction as in line 6 of Algorithm 4.4, now in accor-
dance to the covariance of the particle set in the last iteration of the APF.

Note that although particles are used more effectively when employing covariance scaled
diffusion, the aforementioned problem of shuffling joint angle parameters that have many
kinematic predecessors remains.

4.4.2 Partitioned Sampling

Although covariance scaled diffusion as discussed in the previous section provides a soft par-
titioning, a disadvantage of APF is that all state parameters are still effectively estimated in
parallel. This is problematic when used in conjunction with articulated human body models
that consist of hierarchically dependant parameters (e.g. the elbow joint parameters depend
on the shoulder joint parameters). In such a case, a parallel estimation is inefficient and often
leads to bad estimates, as we will show in Section 4.6.

An alternative approach to high dimensional state estimation is to subdivide the state space
X into several partitionsX = P1×P2×. . .×PK that can be estimated sequentially, following
the hierarchical structure of the human body (e.g. torso, left upper arm, left lower arm, etc.).
This strategy has been introduced by MacCormick and Blake [93] as partitioned sampling

(PS) [93] in the context of multiple target tracking, and was later applied in the context of
articulated pose tracking by MacCormick and Isard [94]. It can be seen as the statistical
analogue to a hierarchical search.

Figure 4.7 illustrates PS for one timestep. The partitions are estimated sequentially using the
same resampling, prediction and update pattern that is known from the standard SIR particle
filter (Figure 4.2). However, the motion and observation models are exchanged with local
versions, i.e. only the parts of the state space corresponding to the current partition Pk are
estimated. Note that the original PS strategy as proposed by MacCormick and Blake [93]
differs from Figure 4.7 in that they introduced a special weighted resampling operator for
mathematical elegance. However, when exchanging this operator by an update step that is
followed by importance resampling (as shown in Figure 4.7), PS can in fact be seen as a
sequentially coupled series of local SIR particle filters. Both variants are equivalent, but we
believe that describing PS in terms of the latter is beneficial due to the resulting simplification,
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FIGURE 4.7 One timestep of Partitioned Sampling. Each partition is estimated using the re-
sampling, prediction and update pattern known from the SIR particle filter (Figure 4.2).
However, predictions and updates for each partition are local, i.e. only parts of the state
space corresponding to the current partition Pk are estimated. The particle set St-1 evolves
into the new particle set St by traversing all partitions sequentially. The order of partitions
is subject to kinematic precedence relations.

St-1 SIR
∣∣P1

n=500
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∣∣P2

n=125

SIR
∣∣PK

n=250

St

FIGURE 4.8 Simplified Representation of one timestep of Partitioned Sampling as sequentially
coupled SIR filters, each working on parts of the state space only. The number n below each
SIR node represents the number of particles used for estimating the respective partition. As
shown, the number of particles can vary and is adaptable to the complexity of each partition.

as illustrated in Figure 4.8.

We will now discuss the necessary prerequisites that have to be fulfilled in order to apply
PS. When the following conditions hold, PS is a probabilistically correct and more efficient
alternative to the simpler SIR particle filter:

1. The state space X can be partitioned as a Cartesian product of disjunct subspaces Pk:

X = P1 × P2 × . . .× PK ; X = Rd (4.38)

This trivial equation holds whenever the dimensionality d of the state space is larger or
equal to the number of partitions K.

2. The dynamics xt = g (xt-1) as defined by the motion model p
(
xt
∣∣xt-1) can be decom-
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posed as follows:

xt = g (xt-1) = gK

(
. . .

(
g2

(
g1
(
xt-1
) )))

(4.39)

Here, gk corresponds to the dynamics that act on partition Pk to predict the associated
parameters. A necessary condition for gk is that it does not modify the parameters
belonging to the preceding partitions Pi where i<k.

3. The observation model p
(
yt
∣∣xt) can be defined locally to evaluate the predictions in-

duced by the dynamics gk that are local to the partition Pk. In other words, it must be
possible to define a weight function hk that is peaked in the same regions as the posterior

pdf projected to Pk.

Fortunately, these prerequisites are fulfilled in the context of articulated human pose tracking:
the pose parameter space can be partitioned as a Cartesian product of joint angles, the dy-
namics of joint angles do not influence the dynamics of hierarchically preceding joint angles,
and the weight function can be evaluated locally for each body part. The latter is achieved by
rendering a partial version of the human model that consists of all body parts predicted so far.
The modified projection mask IP is then plugged into Equation 4.26 to evaluate the error for
the currently predicted pose parameters only (recall that the error is defined as mismatch be-
tween projection and segmented foreground, i.e. it will be smaller when the partial projection
explains more of the foreground).

For articulated human pose estimation, meaningful partitions are given by rigidly moving
body parts, such as upper or lower arms. Note however that partitions must not necessarily
correspond to the body part definitions in our human model as shown in Figure 3.2. Often
it makes sense to combine several body parts into a single partition (e.g. the shoulder plate
SBL and the upper arm OAL). Sometimes it is also advisable to separate parameters that
belong to a single body joint into two partitions. As an example, we associate the torsion
parameter (rotation around the t-axis) of the upper arm OAL with the partition of the lower
arm, because the torsion is best observed by its influence on the flection direction of the lower
arm. Figure 4.9 depicts the PS strategy and the corresponding partitioning of our human
model.

The main advantage of PS is the hard partitioning of the state space X . By splitting the
search space into manageable chunks, the particle growth can be kept within linear bounds,
as opposed to traditional SIR particle filtering. A single high dimensional estimation problem
is thus transformed into several lower dimensional problems that are easier to solve. Another
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FIGURE 4.9 Visualization of the particle set during the progression of partitioned sampling
with 11 hierarchical divisions (the 6th partition is omitted). Particles are rendered with their
corresponding pose estimate, and higher color temperature corresponds to higher weights.
Only the parts of the state space estimated so far are rendered. The order of partitions
is based on the kinematic precedence in the model, i.e. the torso is estimated first before
traversing the limbs and the head sequentially.

favorable characteristic of PS is that the number of particles can be varied in each partition
(Figure 4.8). This makes it possible to distribute particle evaluations in an efficient way by
allocating more particles to larger and more uncertain partitions.

A downside to PS is that the individual partitions must be reasonably small to be manageable
by SIR filters, which can be problematic when e.g. the torso needs to be split into several
partitions. This often leads to bad estimates due to the resulting ambiguities in the local
weight functions (such cases are in fact violations of the aforementioned condition 3 for PS,
as the local weight functions do not peak in the same regions as the posterior). What makes
this worse is the fact that PS is unable to recover from bad estimates, which get propagated to
subsequent partitions without chance of recovery, even in the light of new information.

4.5 Branched Iterative Hierarchical Sampling

As has been shown in practice, the sampling methods discussed in Section 4.4 suffer from
several short-comings when applied in the context of human pose estimation. We will present
proof of these limitations in our empirical evaluation later on in Section 4.6. Let us now
discuss the main problems of the sampling strategies presented so far to motivate the novel
hierarchical sampling strategy that we propose in this section:

1. The SIR algorithm as presented in Section 4.1.3 is intractable when the dimensionality
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of the problem exceeds ∼ 10 d.o.f., due to the exponential growth in the number of
particles needed with growing dimensionality d.

2. The APF algorithm as presented in Section 4.4.1 can be used to soften this constraint by
focusing particles near the modes of the distribution. However, the necessary number
of particles to is still subject to exponential growth with d, as the whole state space
is explored at once. Covariance scaled diffusion (Section 4.4.1.1) alleviates this fact
by focusing computation on areas with high uncertainty, which can be thought of as
a mechanism for soft partitioning. In practice, human pose estimation with APF and
covariance scaled diffusion works reasonably well up to about 25 to 30 d.o.f., but quickly
becomes intractable as the dimensionality is further increased.

3. Another problem with the APF algorithm that we regularly observed during our exper-
iments is that the estimates for the limb parameters tend to be incorrect. The cause of
this is the inability of APF to model kinematic dependencies. As all parameters are
continuously being estimated at once, high uncertainties associated with kinematically
preceding parameters lead to pointless estimates for the dependant parameters. Over
the course of several iterations, this effectively leads to the loss of all prior information
from the last timestep (in other words, the parameters are randomized). An intuitive ex-
ample is the flection parameter of an elbow that cannot be estimated reasonably without
knowledge about the position and orientation of the upper arms.

4. The PS strategy as presented in Section 4.4.2 is able to confine the required particle
numbers within linear bounds as the dimensionality d increases. It is therefore possible
to use it for tracking tasks where the dimensionality exceeds the capabilities of the SIR
or APF algorithms. PS builds upon the fact that pose estimation problems based on
articulated structures (e.g. human skeletons) are well suited for being split into smaller
subproblems that are bound to local partitions of the pose space. The downside of PS is
that it is prone to errors in early partitions, from which it is unable to recover even in the
light of new evidence from subsequent partitions. It requires accurate and unambiguous
local observation models for each partition, that are often difficult to come by. PS for
human pose estimation works best when the human model accurately resembles the
tracked subject, but it is highly susceptible to noisy observations.

5. As PS corresponds to a series of sequentially coupled SIR filters, the individual parti-
tions have an upper limit in dimensionality that is tractable. The torso of the human
model presented in Section 3 has already 16 d.o.f. (including shoulder blades), so that it
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needs to be split into two separate partitions. However, accurate local evaluation of the
lower or the upper torso is difficult, as their shape is ambiguous.

Based on these insights, we propose a novel probabilistic sampling strategy which we will
term branched iterative hierarchical sampling (BIHS). It is a combination of a multi-layered

search strategy (i.e. APF) with hierarchical partitioning of the search space (i.e. PS). In ad-
dition, it splits particle evaluations into parallel partitioning schemes to overcome distracting
local maxima of the weight function when the observation model is noisy. The result is a re-
liable and accurate sampling strategy for articulated human pose estimation that is capable of
retrieving the global maximum of the observation weight function despite the high dimension-
ality of the state space. We also show how to automatically set the particle and iteration count
for each partition using adaptive sample sets. Besides simplifying algorithmic development,
adaptive sample sets can increase the computational efficiency without loss of accuracy by
adapting these parameters based on the uncertainty of the current state estimate in each itera-
tion. In the next sections we will discuss the individual concepts of BIHS in greater detail.

4.5.1 Multi-Layered Search and Hierarchical Partitioning

The core idea behind our novel sampling strategy is to combine APF and PS in a way that
their individual strengths complement each other. As we have shown in Section 4.4.2, PS can
be described as a sequential coupling of standard local SIR particle filters. By replacing the
SIR filters (Section 4.1.3) with annealing particle filters (Section 4.4.1), the dimensionality
of the local partitions can be increased. As discussed, APF works well up to about 25 to
30 d.o.f., which enables us to increase the maximum dimensionality for individual partitions
by a factor of ∼ 3, considering that SIR filters require that the maximum dimensionality is
< 10. Increasing the size of local partitions is crucial for human pose estimation, as small
partitions especially in the torso area are difficult to evaluate unambiguously, and resulting
inaccuracies get propagated to successive partitions. Figure 4.10 sketches the basic principle
behind this combination strategy, that we will term as iterative hierarchical sampling (IHS).

IHS outperforms both APF and PS when used with simulated, noise-free observation data,
as will be shown in Section 4.6.1. In our experiments, a large initial partition of all torso
parameters including the thighs and head was iterated over 10 layers before estimating the
remaining limb parameters in smaller partitions that were annealed using only 3 layers (Fig-
ure 4.11). This strategy is much more effective and reliable at finding the global maximum
of the weight function than APF or PS alone. When compared to APF, the main advantage is
the hard partitioning of the state space that limits the number of particles that is necessary for
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FIGURE 4.10 One timestep of iterative hierarchical sampling (IHS) that combines the princi-
ple of partitioned sampling (PS) with annealed particle filtering (APF). The PS algorithm
(Figure 4.8) is adapted by exchanging the SIR filters (Figure 4.2) with APF (Figure 4.5)
partitions. This facilitates the use of bigger partitions in PS, that can often be evaluated
more accurately due to less ambiguity in the local weight functions.

successful exploration. Furthermore, the partitioning takes into account kinematic dependen-
cies of the articulated model, and thus prevents the aforementioned problem of randomizing
the limb parameters over the course of several iterations. When compared to PS, the main
advantage of IHS is that the size of the partitions can be set much larger, which enables us
to choose partitions that can be evaluated independently of the remaining parameters at good
accuracy. Intuitively, a silhouette resulting from a projection of the complete torso including
thighs and heads is much more distinctive when viewed from different directions than the
lower torso only. Therefore, chances of incorrect estimates that propagate over all partitions
are considerably reduced.

FIGURE 4.11 Visualization of the particle set during the progression of iterative hierarchical
sampling (only selected steps are shown). Particles are rendered with their corresponding
pose estimate, and higher color temperature corresponds to higher weights. Only the parts
of the state space estimated so far are rendered. Notice the larger initial partition (when
compared to Figure 4.9) that is estimated using an APF (first row) before descending the
remaining limb partitions (second row). The remaining limb partitions are also estimated
using an APF, but the number of iterations is reduced. The partitioning used in this Figure
has been selected for illustration purposes and does not necessarily correspond to the best
partitioning for human pose estimation.
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4.5.2 Parallel Partitioning Schemes

IHS as proposed in the last section is an excellent hierarchical sampling strategy for human
pose tracking when used with noise-free observation data (see Section 4.6.1). However, one
of the remaining weak spots of PS is not addressed, namely its pure sequential hierarchical de-
composition. Because of this, errors made will propagate to the remaining partitions without
prospect of recovery. In perfect conditions, when the observations are free from noise, wrong
estimates can only result from self ambiguities. These can be eliminated to large extents when
using sufficiently many cameras (Section 4.6.1.1). In real tracking data, such perfect condi-
tions are rarely encountered, and the sequential estimation of hierarchical partitions becomes
a source of error.

a) b) c) d)

FIGURE 4.12 How the order of the limb partitions can influence the outcome when observa-
tions are noisy: a) original image b) noisy foreground mask c) left leg first partitioning
scheme d) right leg first partitioning scheme. For this example, strategy d) works best.

Figure 4.12 shows an example from a real video sequence where noisy observations lead
to estimation errors due to the sequential estimation in PS or IHS. In this example, most parts
of the left thigh are unobserved in the extracted foreground silhouettes due to the similarity
of the subject’s pants with the background. When using a sequential estimation, where the
sequence of partitions is upper left leg → lower left leg → upper right leg → lower right

leg, the legs get incorrectly switched due to the error introduced when evaluating the upper
left leg (Figure 4.12c). However, when the order of partitions is switched, i.e. the right leg
is estimated prior to the left leg, the final estimate is correct (Figure 4.12d). In that case, the
left thigh cannot be incorrectly associated with the right leg, as the corresponding foreground
regions have previously been associated correctly with the right leg.

Based on the observations made in Figure 4.12, it becomes evident that the order of parti-
tioning has a large influence on the final outcome of the pose estimation. Depending on image
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noise, a wrong sequence of partitions can lead to particles being trapped in a local maximum
of the observation weight function. Due to the sequential estimation in PS and IHS, there is
no way to escape such a maximum.

To overcome this problem, we propose to divide particle evaluations into parallel pipelines
where the partitioning sequences differ in the number and size of the partitions and in the
order of evaluation. As an example, the estimation of the legs could be divided into three
different partitioning sequences, one where the left leg is estimated before the right leg, one
vice versa, and one where both legs are estimated in parallel. Afterwards, particles emerging
from different partitioning sequences are combined and reweighted, so that the best strategy
wins. The reweighting step can be seen as a voting for the best partitioning sequence, in
that the particles with the highest weights emerge from the sequence that best explains the
observation from a global perspective. In other words, while particles might get stuck in local
maxima for some partitioning sequences, others might avoid these local maxima on the ascend
towards the global maximum. The high diversity of local sampling strategies thus turns out to
be the key to robust behavior in the presence of observation noise.

SIR
∣∣P1

n=500

SIR
∣∣P2

n=500

S SIR
∣∣P2

n=500

SIR
∣∣P1

n=500

APF
∣∣P1 × P2

n=100 ; l=10

+ Update
∣∣P1 × P2 S ′

FIGURE 4.13 Branched partitioned sampling. Particle evaluations are split into several parallel
partitioning sequences. As long as the overall parameters estimated by each sequence are
identical, particles can be rejoined by creating the union of the branched particle sets (as
denoted by + ). A final update step after rejoining the sets is necessary to recalculate
the particle weights in relation to all other particles in the newly combined particle set
according to Equation 4.27. In practice, the last update step in each branch before merging
can be omitted to save computational resources. To simplify future diagrams, we will use
] as a short notation for the combined step of concatenation followed by an update.

The aforementioned idea has been published by Maccormick and Isard [93] in a slightly
different context as branched partitioned sampling. They applied it to improve occlusion han-
dling in multi-target tracking, when the ordering of the tracked targets is unknown. Mitchelson
and Hilton [99] presented a related hierarchical sampling strategy with parallel evaluations, but
they are forced to use a less efficient heuristic for merging parallel particle sets as they allow
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for parallel evaluations of differing and thus incompatible state partitions.

Figure 4.13 depicts the principle of branched partitioned sampling extended to IHS. When
assigning P1 to the left leg and P2 to the right leg, the diagram corresponds to the previously
mentioned legs example.

To be able to split particle evaluations into parallel pipelines as in Figure 4.13, some pre-
requisites have to be fulfilled. First, all of the partitioning sequences that are part of a parallel
partitioning scheme have to provide an estimate for parameters corresponding to an identical
subset of the state space X . Second, the hierarchical dependencies of the parameters must
not be violated in any of the partitioning sequences, i.e. hierarchical predecessors must be
estimated first. When these prerequisites are met, the particles from each sequence can be re-
joined by simply merging the branched particle sets. As the particles have estimated a similar
subset of parameters, such an operation is valid and does not violate probabilistic correctness.
A final update step after merging the branched particle sets is necessary to recalculate particle
weights in relation to all other particles in the new particle set according to Equation 4.27.

While it would seem that evaluating several strategies increases the computational load, it
is in fact advisable to split the number of particles for each partitioning pipeline depending
on the branching factor bf , i.e. the number of parallel sequences. Therefore, the total number
of particle evaluations stays constant, as does the computational load. Unless some of the
sampling pipelines are extremely inefficient, the accuracy of the final result will be at least
on par, as the same number of particles is used to estimate the same number of unknown
parameters. At the same time, robustness and reliability of the algorithm in everyday scenarios
is improved.

The fusion of concepts from the iterative hierarchical sampling (Section 4.5.1) with branched

partitioned sampling is what we term branched iterative hierarchical sampling. We have ap-
plied this strategy successfully to the problem of human pose tracking, as validated by our
experiments in Section 4.6 and Section 5.3.

It remains to be discussed how exactly one should partition the search space and proceed
with the estimation, as there are several potential partitioning schemes that can be chosen. We
propose a BIHS partitioning scheme for articulated human pose tracking that was modeled
in a straightforward manner based on human reasoning. The complete scheme is depicted in
Figure 4.14. In conjunction with the human model presented in Chapter 3 and the motion
and observation models presented in Sections 4.2 and 4.3 respectively, this sampling strategy
constitutes our approach on human pose tracking.

The estimation of body pose parameters in our BIHS strategy is split into three logical steps
(Figure 4.14). The first step corresponds to the traditional APF as proposed in [46], but its
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FIGURE 4.14 One timestep of branched iterative hierarchical sampling (BIHS) for human pose
tracking. In the first step, an APF over the full state space X is used to get a good estimate
of the torso parameters. While the APF over the full state space is good at estimating
the torso parameters, it is not well suited for estimating the remaining limb parameters.
These are estimated in two additional steps, using parallel partitioning schemes first for
the legs and then for the arms including the head. The legs are estimated based on 5
different combinations of the minimal partitions upper left leg LUL , lower left leg LLL, upper
right leg LUR and lower right leg LLR. The upper limbs are estimated based on 5 different
combinations of the minimal partitions head H, upper left arm AUL , lower left arm ALL,
upper right arm AUR and lower right arm ALR. Using parallel partitioning schemes results
in improved robustness when the observation data is noisy. Note that other partitioning
schemes are possible, but the presented combination produced good results in all tested
sequences.
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aim is to estimate the torso parameters only. As already mentioned, the APF is very effective
in estimating torso parameters (or more general in estimating parameters that are close to the
kinematic origin), but less effective in estimating limb parameters. We have found that it is
more effective to run the initial APF on the full state space X , as the limb positions - even
when inaccurate - provide additional cues for the quality of the torso estimate. In general, this
strategy will quickly result in good estimates for the torso parameters, but the limb estimates
will remain inaccurate. The next two steps consist of estimating the remaining parameters for
the lower body (i.e. the legs) and for the upper body (i.e. the arms and the head). These two
larger partitions are estimated in parallel partitioning schemes with 5 different partitioning
sequences each. The sequences are selected such that the order of partitioning and the size
of the partitions differ substantially. The number of parallel sequences has been set to 5, so
that there is enough diversity in particle sampling without over-complicating the algorithmic
design.

In the next section we will show how to automatically select the number of particles and
iterations for each partition.

4.5.3 Adaptive Sample Sets

The BIHS strategy presented in the previous sections is very powerful when it comes to track-
ing of articulated structures such as human models (see Section 4.6 for experimental evalua-
tion). Assuming that a rough initialization of the pose is given, our sampling strategy performs
well on sampling the high-dimensional pose space and estimating the global maximum of the
weight function, which given a suitable observation model should coincide with the true hu-
man pose. However, although our proposed sampling strategy is already more efficient than
the current state-of-the-art Bayesian approaches presented in Section 4.4.1 and Section 4.4.2,
tracking of human postures by using variants of particle-filters generally remains a computa-
tionally expensive approach. The computational costs are dominated by computing the particle
weights, which typically involves costly image operations for every particle that is being eval-
uated. Considering that we need to evaluate particles over several iterations and hierarchies,
the number of particle evaluations necessary to track a human model is in the order of magni-
tude of 104. These account for most of the processing time, as we need to render and perform
image to image comparisons for each particle (∼20 seconds per frame in our single-threaded
implementation).

We will now show how to adaptively set the number of samples for each iteration to reduce
particle count as far as possible without cutting back on accuracy. This also helps to simplify
algorithm development by removing the necessity to specify particle and iteration count for
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each partition manually.

For each annealing iteration, we can specify the initial particle count N and the (maximal)
iteration count M as follows:

N =
20 · d
bf

(4.40)

M = b2 ·
√
dc (4.41)

These formulas based on the dimensionality d of the current partition were derived empirically
and have been shown to give good lower bounds throughout our experiments. When splitting
evaluation to several branches as in Figure 4.13, the particle count is reduced by the branching
factor bf , i.e. the number of parallel branches. One should also set a minimum particle count
(e.g. 20) for each partition.

N need not stay constant throughout all iterations. As the diffusion variance is reduced by
a factor αm in each iteration, particles are spread more densely and become more effective.
This is certainly desired behavior, still N is often unnecessarily high for late iterations, as
it has to be chosen such that it does not miss out on peaked maxima during early iterations.
A straightforward approach is to couple the particle count Nm in iteration m directly on the
amount of diffusion reduction specified by the schedule 〈αM , αM−1, . . . , αm〉. When setting
α constant for each iteration, we can calculate a good value for α based on the aspired fraction
r which is the ratio of the standard deviation of the diffusion in the last iteration to the first
iteration (we use r = 0.1 throughout):

α = M
√
r (4.42)

We can then calculate Nm based on α:

Nm = α(M−m) ·N (4.43)

Note that although we constantly reduce N , the density of the particle set still improves with
each iteration due to the reduction of the diffusion and the thus reduced extents of the particle
distribution. This can be seen by looking at the measure cd for the effective particle count,
which corresponds to the number of particles available for each dimension when distributing
all particles according to an uniformly spaced grid across the state space:

cd =
d
√
N (4.44)
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For large dimensionality d, a (near) linear reduction of N will result in a sublinear reduction
of cd, whereas the standard deviation in this dimension is also reduced (near) linearly, thus
making the particles more effective.

In Section 4.4.1.1 we have shown how covariance scaled diffusion can be used to distribute
particles more effectively. During this process, we have computed the eigenvalues λi. If
we make sure that the absolute values of all state parameters are directly comparable (by
computing the z-scores before computing the covariance matrix Σt,m+1, i.e. scaling each
dimension to its standard deviation σ), the squareroots of the eigenvalues give us a notion on
how large the state space will be in the next iteration. We could thus also couple Nm to the
average change of the eigenvalues:

N ′m =
1

d

d∑
i=1

√
λi ·N (4.45)

Equation 4.45 improved over Equation 4.43 in that the reduction of N is now directly coupled
to the uncertainty of the state estimation. What is more, we can use it to terminate the iterative
process once the aspired resolution is reached, i.e. when 1

d

∑d
i=1 λi < r. In practice, we have

observed that it is best to reduce N by averaging over Equations 4.43 and 4.45:

N ′′m =
1

2
Nm ·N ′m (4.46)

We attribute this to the fact that Σt,m+1 cannot always be estimated precisely due to the
undersampling especially in early iterations.

Fox [53] has presented an algorithm to adaptively set the number of particles in the context
of robot localization and mapping by comparing the sampling distribution with the predictive
distribution. However, this algorithm is not applicable to our problem due to the higher di-
mensionality and the large divergence between predictive and posterior distribution in human
pose tracking.

Our experiments (Section 4.6.2) have shown that using the presented modifications, we can
increase performance between 50 and 100 percent, while keeping the accuracy of the final
estimate constant. Note that the modifications presented in this Section are equally applicable
to the original APF sampling strategy presented in Section 4.4.1.
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4.6 Experimental Evaluation

Evaluating algorithms for human motion tracking is a complex task in itself that needs careful
consideration. Unfortunately, there is no single best way to approach the problem, and the
best solutions that can be thought of are not always feasible. One of the main problems is the
difficulty to come up with ground-truth data for the tracking sequences that would allow for
the computation of a meaningful error measure. Other problems arise from the differences in
human models and the variety of possible parameterizations for a human pose, which makes
comparison between related approaches challenging.

One of the more obvious approaches for evaluation is the manual inspection of the tracked
sequence. Usually, a rendered version of the human model in its estimated poses is overlaid
on the original video, to provide visual feedback on the accuracy of the estimates. Especially
in the multi-view case, where the human subjects were recorded by several cameras, such a
method can provide the observer with a reasonably good understanding on the robustness and
accuracy of a particular algorithm. However, it is unsuited for comparing different approaches
among themselves, as the results will be dependant on human experience and judgement. Still,
we will use this method as part of our evaluation as it provides the viewer with immediate
graphic feedback that gives a clear indication on the quality of the tracking algorithm.

For a more scientific evaluation of the tracking accuracy, the availability of ground-truth
data is essential. The problem here is the inability to come up with the true ground-truth
data, as this would require knowledge about the exact joint locations of a human at all time
during the tracking. Unfortunately, this task can only be solved approximately. One possible
solution is to hand-label the joint locations in the image plane of all cameras, however this
is a tedious and time-consuming task. In addition, labeling the joint positions independently
can violate constraints on the inner shape parameters φI (i.e. limb lengths) of the used mod-
els. And finally, accurate labels can only be provided by people with a good understanding
of human anatomy (e.g. clinicians), as the location of joints is not directly observable unless
X-ray imaging is used. A better solution is to use commercial marker-based tracking systems
[147, 146, 153]. However, such systems are intrusive and require complex setups for ac-
quisition with additional manual post-processing of sequences. Furthermore, access to these
expensive systems is often unavailable for researchers on a budget.

To evaluate the algorithms presented in this chapter, we take a two-step approach. First,
we create simulated sequences from available ground-truth motion capture data by generat-
ing perfect observations based on the model projection of the ground-truth poses. Therefore,
the ground-truth estimate corresponds to the global maximum of our weight function from
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Section 4.3. The underlying idea is that this allows us to focus our evaluation on the qual-
ity of the sampling strategy without having to consider side effects resulting from the choice
of observation model or noisy image data. We will present our evaluations on simulated se-
quences in Section 4.6.1. The second approach is to evaluate the methods on the HUMANEVA

data set [136]. This data set consists of real video sequences with corresponding ground-truth
measurements that have been retrieved by a commercial marker-based tracking system. The
HUMANEVA sequences have been adopted by the community as a benchmark for different
approaches to provide a common platform for comparison. We present our evaluations on this
data set in Section 4.6.2.

A remaining issue is the choice of an error measure that should be used as an indicator of
accuracy and for comparison with other approaches. A straightforward choice is to directly
compare the pose parameters ψ (Equation 3.8) between the ground-truth and the estimated
data. However, as ψ corresponds to joint angle values that are model specific, this makes
it impossible to compare tracking approaches that have used human models with different
kinematic structures. In addition, joint angle parameters are kinematically dependant, and
adding up the joint angle differences will increase the error measure while in fact they might
just be necessary to compensate inaccuracies resulting from preceding parameters. Thus,
a large error accumulated over several small deviations in joint parameters might actually
correspond to a good estimate of the current posture, while a smaller error from just a single
parameter close to the kinematic origin might correspond to a poor estimate.

A better choice is to compare the Euclidean joint positions in the 3D world reference frame,
as suggested by Balan et al. [14] and adopted in the HUMANEVA benchmarks [136]. The
main advantages are that joints positions are independent and different human models can be
compared by computing the mean 3D Euclidean distance error over all identical joints (e.g.
shoulders, elbows, knees). For the human model we use, the joint positions correspond to
the origins of the local part coordinate systems Hbp as computed in Equations 3.1 and 3.2.
Sometimes it is advisable to also calculate and compare the maximal 3D Euclidean distance
error of all joints, as local errors such as a poor estimate of a single arm are often difficult
to detect when looking at the mean error due to their small influence on the overall error. In
summary, constantly small mean and maximum errors are excellent indicators for a reliable
and accurate pose estimation method.

4.6.1 Simulated Data

A lot of research in the field of human pose estimation is targeted at improving the observation
models to improve the overall tracking results. As a result, the influence of the sampling strat-
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egy on the overall results is often underestimated. However, especially in high-dimensional
tracking tasks such as articulated pose tracking, the sampling strategy has a significant impact
on the tracking outcome. To put it differently, without the ability to sample the relevant parts
of the state space X , the best observation models are bound to fail.

We have created a test environment where we can focus our evaluation specifically on the
ability of the sampling strategies to find the global maximum of the weight function. If the
observation model is reasonably well chosen, this global maximum will be a valid estimate of
the true (hidden) state that we seek. Our test environment is based on simulated sequences of
model projections as seen from virtual cameras (Figure 4.15). The simulated sequences were
created from ground-truth motion capture data by creating perfect model projections I?P with
an instance of our human model. During evaluation, we then use the ground-truth model pro-
jections I?P as a replacement for the foreground masks IF (see Chapter 4.3 and Equation 4.26
in particular), thus removing the necessity for foreground segmentation by providing perfect,
noise-free image observations. When using the same instance of the human model that was
used to create I?P for the evaluation of different sampling strategies, we can ensure that the
global maximum of the weight function given by Equation 4.27 corresponds exactly to the
known ground-truth pose. Thus we can directly compare the efficiency of different sampling
strategies by examining the ability to reach the global maximum of the state space X .

FIGURE 4.15 Simulated camera positions (first column) and the corresponding generated
model projections I?P from ground-truth motion data. The model projections I?P are used to
replace the foreground masks IF in Equation 4.26 to create perfect image observations.

As we do not have access to a commercial marker-based motion capture system, we have
created the ground-truth from motion capture data that we recovered from real video sequences
captured by three cameras. We recorded two sequences at 25 f.p.s., one that features only up-
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per body motions with the lower body fixed on the spot (500 frames), and one that features a
mixture of full body motions like walking and gymnastic exercises (1700 frames). The motion
capture data was recovered using the PS approach from Section 4.4.2 with an exaggeratedly
large number of particles (10000 particles for each of the 11 partitions). We have ensured
the quality of the data by manual inspection and post-processing of obvious tracking errors.
Furthermore, we used temporal smoothing as described in Section 3.4 to remove motion jitter.
The resulting motion sequences are fairly realistic and provide a good basis for our evaluation.
Note that although the sequences have been recovered by an algorithm that is part of our eval-
uation, we do not believe that the resulting evaluation will be biased towards that algorithm.
The reason for our confidence is that all evaluated methods use the same motion model with
random diffusion as presented in Section 4.2, and thus have the same initial capabilities to
explore the state space X .

Based on the simulated sequences, we have run a series of experiments to test several as-
pects of the hierarchical sampling strategies presented in this Chapter. We will discuss these
experiments in the following subsections.

4.6.1.1 Impact of Camera Count and Camera Placement on the Tracking Accuracy

When using the match between observed and predicted binary shape masks to determine the
particle weights as proposed in Section 4.3, one has to take into account that different human
postures can result in identical image projections, i.e. there is a many-to-one mapping between
pose parameters ψ and binary projection masks IP . This holds at least when considering only
a single viewpoint, due to self-occlusions of the human body. To overcome these ambiguities,
one must incorporate more than a single viewpoint into the observation model, which is then
known as multiple-viewpoint tracking.

In our first experiment we chose to evaluate the number of cameras that are necessary for
successful tracking when using only silhouette shapes for comparison. This is equivalent to
determining the number of viewpoints that are necessary to resolve all possible ambiguities
that can result from self-occlusions of the human body. Balan et al. [14] have performed a
similar experiment suggesting that three cameras are needed for successful tracking, albeit
they used real video sequences with noisy image observations and strong motion priors.

In our experiments we evaluated the influence that the number of virtual cameras has on
the tracking accuracy by running the PS algorithm as described in Section 4.4.2 (with 5000

particles and 11 partitions) on our simulated full body motion sequence. We have varied the
number of cameras from 1 to 6 between the experiments. All virtual cameras were places such
that they differ in their viewpoint by at least 30◦, and that no two cameras are opposite of each
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FIGURE 4.16 Evaluating the impact of the number of cameras on the tracking accuracy:
a) mean Euclidean distance errors between estimated and ground-truth joint positions
on a simulated sequence of full body motions (41 d.o.f.) for 1 to 6 virtual cameras;
b) corresponding maximal Euclidean distance errors. Three cameras provide good accu-
racy, without further improvement when adding more cameras.

other, as that would result in mirrored silhouettes without information gain. We have placed
three of the cameras parallel to the ground plane, and three other cameras as if they were
mounted on the corners of a ceiling, pointing slightly down towards the scene (Figure 4.15).
The latter is often favorable in real world scenarios, as it allows for a less intrusive setup.
Therefore, we have been additionally interested whether one of the two camera placement
strategies is superior.

The resulting mean and maximum joint position errors are shown in Figure 4.16. As can
be seen, tracking with a single camera immediately fails, as occlusions of the limbs cannot
be disambiguated and there is little indication on the correct depth of the pose. Tracking with
two cameras also quickly fails, although the additional viewpoint clearly helps to improve
the overall accuracy. When inspecting the tracking results visually in the video, the model at
least seems to spatially follow the person around the scene in the two-camera case, as a re-
sult of the improved depth localization. We have tested several combinations of two cameras
for tracking, yet none seemed to be particularly superior when compared to the others (the
plot in Figure 4.16 contains only one of the two-camera selections for clarity). When adding
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a third camera viewpoint, tracking suddenly seems to become stable. This observation is in
accordance to the experiment conducted by Balan et al. [14], and suggests that three cameras
that have a substantially different viewpoint are in fact sufficient for resolving the ambiguities
resulting from self-occlusions of the human body. Interestingly, neither accuracy nor stability
is further improved by adding even more cameras to the scene. What is more, our experi-
ments indicate that the minimal achievable error is only determined by the capabilities of the
hierarchical sampling strategies, and not by the number of cameras used for tracking. This is
another clear pointer for the importance of the sampling strategy in human pose tracking.

Finally, the placement of the cameras seems to be negligible, as the tracking results for the
lower three cameras and for the upper three cameras are approximately on par. Based on the
conclusions drawn from the experiments presented in this section, we will use the three lower
cameras for tracking in all of the remaining experiments on simulated sequences.

4.6.1.2 Tracking of Upper Body Motions (21 d.o.f.)

In our next experiment we evaluate the accuracy of the hierarchical sampling strategies pre-
sented in Section 4.4 when compared to the standard SIR particle filter. The APF (Sec-
tion 4.4.1) has so far been shown to provide good accuracy up to 34 d.o.f. [46] on a very short
sequence (< 4 sec), while PS (Section 4.4.2) has been used for contour-based hand tracking
with a comparably low 7 d.o.f. [94]. Our aim is to test the behavior at around 20 d.o.f., for
which we created a simulated sequence where only the upper body of the human is moving.
The sequence lasts for about 500 frames and features a human subject throwing darts at a wall,
with subtle motions of the spine and shoulder blades as well as fast motions of the arms.

To provide a fair comparison of the different methods, we have set the parameters such that
the number of particle evaluations is approximately comparable. For instance, APF with 20

layers and 2000 particles is comparable to SIR with 40000 particles, and also approximately
to PS with 5000 particles and 7 partitions. On a side note, PS evaluations are often a bit faster
as only parts of the model need to be rendered and evaluated for each partition. However,
the necessity of partial rendering might reduce the potential for optimization in a specific
implementation. Thus, a completely fair evaluation would also have to take into account
implementation details that might affect the total running time of the algorithms.

Figure 4.17 depicts the resulting error plots for our experiment. It shows that both APF
and PS perform very well with a mean error below 20 mm. As expected, standard SIR par-
ticle filtering performs much worse (despite 40000 particles). This can be associated to the
exponential increase in the number of necessary particles as the dimensionality of the prob-
lem grows. Especially towards the end of the sequence when the motions become faster, SIR
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FIGURE 4.17 Evaluating the SIR, APF and PS sampling strategies on a simulated sequence
with upper body motions (21 d.o.f.): a) mean errors between estimated and ground-truth
joint positions for SIR (40000 particles), APF (20 layers and 500 respectively 2000 parti-
cles) and PS (11 hierarchies and 1000 respectively 5000 particles); b) corresponding max-
imal errors. While SIR fails towards the end of the sequence (faster motions), both APF
and PS provide good results, even with reduced particle count.

looses its tracking while APF and PS succeed. Interestingly, when conducting the same ex-
periment with only a fifth of the particle evaluations, both APF and PS are still able to track
the sequence with only slightly increased mean errors.

4.6.1.3 Tracking of Full Body Motions (41 d.o.f.)

The upper body tracking experiment presented in the previous section has shown that APF and
PS are capable of tracking articulated structures with about 20 d.o.f. However, accurate human
motion capture requires models with much higher complexity. Especially in biomechanical
or ergonomic applications, simple human models around 20 − 30 d.o.f. are unsuited when
it comes to analyzing human motions. We have thus created a simulated full body tracking
sequence using the 41 dimensional human model according to Figure 3.8b. Based on this
sequence, we have evaluated the behavior of APF and PS when tracking such challenging
models. Note that most of the d.o.f. in our model correspond to critical parameters in the
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spine and the shoulders. These are much harder to estimate than e.g. hands or feet, that are
easier to localize from the image observations IF .
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FIGURE 4.18 Evaluating the APF sampling strategies on a simulated sequence with full body
motions (41 d.o.f.): a) mean errors between estimated and ground-truth joint positions for
plain APF with 20 layers and 500 respectively 2000 particles, and for APF with covariance
scaled diffusion (CSD) with 10 layers and 2000 particles or with 20 layers and 500 respec-
tively 2000 particles; b) corresponding maximal errors. The APF strategy has a hard time
in this high-dimensional tracking task. More layers are clearly beneficial, as is CSD.

Our first experiment on the full body sequence is aimed at evaluating APF strategies with
different parameterizations. Therefore, we have varied the number of particles and layers,
and we have investigated the effect of covariance scaled diffusion (CSD) as presented in Sec-
tion 4.4.1.1 on the tracking outcome. The resulting plots are shown in Figure 4.18 for both the
mean and the maximum 3D Euclidean joint distance errors. As can be seen, the APF strategy
clearly suffers from the increased dimensionality. Even the mean errors show several spikes,
which is an indication for tracking loss at a large scale (i.e. several body parts loose track, or
the body orientation is reversed). The accuracy is improved when increasing the number of
layers, and also by utilizing CSD. The best result was achieved when using APF with CSD
and 20 layers and 2000 particles. In this case, the mean errors are reasonably small, but the
maximum errors still show large spikes, which is attributed to one or more incorrectly esti-
mated limbs. We attribute the observed difficulties to the absence of a hard partitioning in the
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APF strategy, as all parameters are estimated in parallel. Furthermore, kinematic dependen-
cies between parameters are not taken into consideration. CSD can alleviate these problems
by providing a soft partitioning, i.e. the exploration of the state space is guided based on the
uncertainty of the parameter estimates from the last iteration.
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FIGURE 4.19 Comparing the APF and PS sampling strategies on a simulated sequence with
full body motions (41 d.o.f.): a) mean errors between estimated and ground-truth joint
positions for the best APF strategy from Figure 4.18 (CSD, 20 layers, 2000 particles) and
for PS with 11 partitions and 1000 respectively 5000 particles; b) corresponding maximal
errors. PS performs better in this experiment, even with reduced number of particles.

In a second experiment, we compared the most successful APF method found in the afore-
mentioned experiment (i.e. APF with CSD, 20 layers and 2000 particles) with two instances of
PS that use 1000 respectively 5000 particles with 11 partitions (upper/lower torso, upper/lower
left/right leg, upper/lower left/right arm, head). The resulting plots are shown in Figure 4.19.
While the mean error does not seem to favor either method, the maximum error shows that
PS is more robust, even when using only a fraction of particle evaluations. Large maximum
errors that coincide with small mean errors indicate partial tracking loss of body parts, e.g.
when one of the arms is lost. We attribute the fact that PS outperforms APF at higher dimen-
sions to the hard partitioning of the state space X , which enables us to track high-dimensional
articulated structures without the need for exponentially many particles. However, we should
note that the PS strategy benefits from the accurate outer shape of the human model presented
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in Chapter 3, which makes it easier to disambiguate neighboring body parts. We expect PS to
perform worse when used with e.g. cylindrical human models.

We have also investigated different sequential partitioning schemes for PS, i.e. we have
compared breadth first partitioning (where all limb hierarchies are descended alternately) with
depth first partitioning (where each limb hierarchy is descended to the bottom before moving
to the next limb). However, the order of partitioning did not have any influence on the accuracy
or robustness of the tracking during our experiments.
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FIGURE 4.20 Comparing the APF, PS and IHS sampling strategies on a simulated sequence
with full body motions (41 d.o.f.): a) mean errors between estimated and ground-truth joint
positions for APF (CSD, 20 layers, 2000 particles), PS (11 partitions, 5000 particles) and
IHS (10 layers and 1000 particles for the initial partition, 2 layers and 500 particles for the 9
remaining partitions, see Figure 4.11); b) corresponding maximal errors. IHS is very stable
and outperforms both APF and PS, despite using less than half of the particle evaluations.

Based on the insights from the experiments so far, we have developed a novel sampling
strategy termed iterative hierarchical sampling (IHS) that is described in Section 4.5.1. This
strategy combines the complementary strengths of APF and PS by exchanging the SIR filters
in each PS partition with APF. In our experiment, we have used IHS with an initial torso
partition that comprises 19 d.o.f. and that is estimated using 10 annealing iterations and 1000

particles. The remaining 9 small limb partitions are estimated using 2 iterations and 500

particles, which is more than sufficient for partitions of this size. The sequential partitioning
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scheme is also depicted in Figure 4.11.
The resulting boost in performance becomes evident when looking at Figure 4.20, where

we have compared the best APF and the best PS parameterization from all our experiments
with the newly proposed IHS strategy. Despite using less than half of the particle evaluations
and running more than twice as fast than APF and PS, IHS clearly outperforms both of these.
While the mean error plot is not clearly distinctive, the maximum errors show that IHS reliably
tracks all of the body parameters over the full sequence. The mean joint errors are constantly
below 50 mm, and the maximum joint error is almost constantly below 100 mm. According to
a dependent t-test on the mean joint errors, IHS performs better than PS at 99.9% confidence
level, and PS performs better than APF at 99.9% confidence level.

4.6.2 Ground-Truth Motion Sequences

The experiments from Section 4.6.1 have been conducted on simulated sequences and give a
good impression about the behavior and accuracy of the presented sampling strategies. How-
ever, they are unable to give a definite comparison of these methods under real-world condi-
tions. Real observation data is often noisy, cluttered and imprecise, which leads to undesired
effects such as the one shown in Figure 4.12. Therefore, additional evaluation of the sampling
strategies on real motion sequences is indispensable.

Real motion sequences with corresponding ground-truth data are difficult to come by. Their
acquisition either requires hours and hours of cumbersome hand-labeling work for each image,
or access to a professional marker-based motion capture system [147, 146, 153]. Fortunately,
Sigal and Black [136] provide two publicly available data sets for evaluation of human mo-
tion capture algorithms that have been recorded with such a motion capture system. The first
HUMANEVA data set consist of several sequences of single human subjects performing spe-
cific actions such as walking, jogging or gesturing in an empty room. It contains training,
validation and test sequences of several subjects. The second, newer HUMANEVAII data set
consists of two additional sequences (two subjects) for which only the test sequences are avail-
able. The ground-truth data is kept back by the authors, and evaluation of the tracking error
is performed via a XML-based web-interface. This prevents the misuse of ground-truth data
to alter the tracking results or to provide strong motion-specific priors in order to reduce the
complexity of the problem.

For our evaluations, we decided to use the HUMANEVAII data set. Both sequences consist
of a person walking in a circle, then accelerating into a jogging motion, and finally changing
into a slightly unusual stretching motion (Figure 4.21). The transitions between the three types
of motion are especially critical for tracking algorithms that rely on strong motion priors, e.g.
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FIGURE 4.21 Tracking results on the HUMANEVAII S4 sequence for the BIHS strategy
(10 layers, 800 particles). We show random frames for one of the four camera views.

when a motion model has been learned from exemplars of walking motions, the transition
to jogging often fails. The sequences have been recorded by four cameras at a resolution
of 640×480. The foreground segmentation is challenging due to color overlap between the
clothing and the background. As a result, the extracted foreground masks IF are quite noisy
(Figure 4.22). Furthermore, subjects wear casual clothing, and especially the pants are quite
loose. We have adapted our human model manually to fit the observed human shapes as good
as possible.

In our tests we used the unconstrained motion priors from Section 4.2 and the shape-based
observation model from Section 4.3 to evaluate several variants of the APF, the PS and our
proposed BIHS sampling strategies. The resulting mean 3D joint error plots for sequence
S4 of the data set are depicted in Figure 4.23. Note that we have omitted the estimation of
the lower spine parameters as this results in more stable estimates for most kinds of upright
motions (we have done so in particular to favor the APF and PS strategies; BIHS is shown in
Figure 4.24 to compensate well for the additional d.o.f.).

We first evaluated the APF (Figure 4.23a) with three different variants for setting the amount
of diffusion applied to each body part with each iteration. In the initial version, the diffusion
is reduced using a constant factor (αM = αM−1 = . . .= α1 = 0.5, see Algorithm 4.4). In the
second version, the amount of diffusion is controlled using variance scaled diffusion (VSD),
i.e. according to the state variance in the particle set from the last iteration. In the third version,
particles are diffused using the state covariance matrix from the particle set in the last iteration.
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FIGURE 4.22 Foreground masks IF as segmented using the codebook method [80] for the
HUMANEVAII S4 sequence. The masks correspond to the frames shown in Figure 4.21.

This corresponds to covariance scaled diffusion (CSD) as presented in Section 4.4.1.1. The
last strategy also provided the best results, although the overall performance of the APF is
unsatisfying. A visual inspection of the results shows that while the torso is correctly estimated
most of the time, the limb positions are often wrong. This comes as no surprise, as it coincides
with the observations made in our simulation experiments in Section 4.6.1.3.

We then tested PS (Figure 4.23b) at comparable processing times (PS with 1600 particles∼
APF with 10 layers and 800 particles). The order of partitioning is pose and lower torso, upper
torso, left upper leg, left lower leg, right upper leg, right lower leg, left upper arm, left lower
arm, right upper arm, right lower arm, and head. The tracking results are again unsatisfying,
which we attribute to the large ambiguity in the local weight function when evaluating the
lower torso. We have observed that contrary to the results on the simulated sequences with
perfect observations, the PS strategy is affected when the shape of the human model is an
inaccurate approximation of the true human shape.

Finally, we have evaluated the novel BIHS strategy as presented in Section 4.5. This strategy
has been directly derived from the observation that APF manages to find good estimates of the
torso parameters but fails in estimating the limbs, while PS is good at estimating the limbs
in case that it got the torso parameters right. When compared to the IHS strategy that we
evaluated in our simulation experiments in Section 4.6.1, BIHS is capable to evaluate parallel
partitioning schemes, which should give it increased robustness and accuracy in the case of
noisy image observations (see Section 4.5.2). The error plots as depicted in Figure 4.23c
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FIGURE 4.23 Tracking results on the HUMANEVAII benchmark (sequence S4) for: a) the APF
with 10 layers and 800 particles, once without scaled diffusion, once with variance scaled
diffusion (VSD), and once with covariance scaled diffusion (CSD); b) PS with 11 partitions
and 1600 or 800 particles; c) BIHS with 10 layers and 800 or 400 or 200 particles. Even
when using only about a quarter of the particle evaluations, BIHS outperforms APF and PS
and shows robust tracking behavior despite noisy image observations. Note that there seems
to be a systematic error (the error never drops below 5 cm) that can be attributed to the
differences in relative joint positions between the ground-truth model and ours. Visually,
our BIHS method delivers near perfect results (see Figure 4.21, the full video is available
from http://memoman.cs.tum.edu).

confirm this assumption. Despite the often noisy and imprecise foreground masks IF that are
segmented from the HUMANEVAII sequences (Figure 4.22), BIHS is capable of producing
estimates with constantly low mean errors around 50 mm. Even variants that use only a quarter
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of the particle evaluations when compared to APF or PS still give better results, although the
robustness is slightly reduced. We believe that the true mean errors for the BIHS strategy are
lower than shown in Figure 4.23c, but there seems to be a systematic error that we attribute to
the differences in relative joint positions between the ground-truth model and ours. This could
explain why the mean errors never drop below 50 mm during 1250 frames, an observation
that is unlikely given chance. We believe that the true mean error is around 25 mm, which
corresponds to the values observed for IHS in the simulation experiments (Figure 4.20).
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FIGURE 4.24 Comparing accuracy and reliability of APF, PS and BIHS when tracking the full
51 d.o.f. of our human model, including hands and feet. BIHS is nearly unaffected by the
increased dimensionality when compared to Figure 4.23, whereas both APF and PS fail.

We repeated the experiments on sequence S4 using the best variants of each algorithm, this
time tracking the full 51 d.o.f. of our model, including the lower spine, hands and feet. Both
APF and PS completely loose track early in the sequence, while our BIHS strategy provides
almost the same quality results as in the 38 d.o.f. case (Figure 4.24d). The reasons for this are
the hard partitioning of the search space, where the additional parameters are estimated last
without obscuring previous results. To the best of our knowledge, the presented BIHS strat-
egy is the first Bayesian approach to have shown successful tracking of such high-dimensional
articulated models without the use of training data. We should also note that all of the eval-
uations were processed without reinitializing the model pose, i.e. the sequences have been
completely tracked at once. This is remarkable, considering that many competing methods
fail during the transitions between walking and jogging, or between jogging and stretching, as
many methods rely on strong motion priors due to inferior sampling or optimization strategies.

In addition to the experiments provided so far, we also present results of the BIHS strategy
on the other sequence in the HUMANEVAII benchmark. In Figure 4.25 we show two tracking
results on sequence S2 with two different model adaptations, and another tracking result on
sequence S4 with different model than the one used in Figures 4.23 and 4.24. Although the
results are still good, one can observe a slight decrease in accuracy for some models. In

107



CHAPTER 4 Human Pose Tracking

 0

 50

 100

 150

 200

 250

 0  200  400  600  800  1000  1200

M
ea

n 
3D

 J
oi

nt
 E

rr
or

 (
m

m
)

Frame Number
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FIGURE 4.25 Tracking results for BIHS on both sequences (S2 and S4) of the HUMANEVAII
benchmark in combination with different human models. The tracking quality can be af-
fected when the inner shape parameter φI (i.e. the estimates of the limb lengths) are im-
precise, as has been the case for model 1 for subject S2. Model 2 for subject S4 is also less
accurate than the model used for the results presented in Figures 4.23 and 4.24.

these cases, the inner shape parameter φI , (i.e. the limb lengths of the skeleton) were slightly
inaccurate, which has a negative effect on the quality of the estimates. These results confirm
our believe that accurate tracking of human motions requires the use of accurate models that
have been adapted to the subject of interest.
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FIGURE 4.26 Comparing tracking accuracy of the BIHS algorithm with and without the use of
adaptive sample sets. The variant that uses adaptive sample sets runs almost twice as fast.

Figure 4.26 shows a comparison between the BIHS algorithm with and without the use of
adaptive sample sets as presented in Section 4.5.3. Adaptive sample sets are a means to im-
prove the efficiency of the BIHS algorithm by coupling the number of particles and iterations
for each partition to the uncertainty of the current estimate. The variant in Figure 4.26 has re-
duced the number of particle evaluations by almost a factor of 2 despite comparable accuracy
and robustness.

As a final remark, we want to state that all experiments in Sections 4.6.2, and 5.3 have
used the same parameterization for the motion and observation models, without learning or
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tweaking the parameters towards specific sequences. For the HUMANEVAII experiments, this
means that we have used larger inter-frame motion limits (Section 3.3.2) that are suitable for
25 Hz recordings even though HUMANEVAII has been recorded at 60 Hz. Thus we believe
that by tightening the inter-frame motion limits, we could further improve the results on the
HUMANEVAII benchmark when using fewer particles.

4.6.3 Other Motion Sequences

We have evaluated our methods on several other real video sequences that we have recorded
but for which we do not have corresponding ground truth measurements. We will now give a
brief overview on some of these sequences to prove the general applicability and robustness of
our algorithms. As we cannot give quantitative results, we will evaluate performance based on
the manual inspection of the resulting video sequences with overlaid model projections. The
resulting videos are available in full length at http://memoman.cs.tum.edu.

One of the first sequences that we have recorded to test our algorithms is a 6.5 min sequence
in an empty room that has been captured with 3 cameras at a resolution of 384×288 pixels and
a sampling rate of 25 Hz. This corresponds to a total of over 10000 frames of motion. We have
processed the sequence using our BIHS sampling strategy and the same parameterization of
our methods as in Section 4.6.2. We were able to process the full sequence at once without the
need for reinitialization of the model. Figure 4.27 shows selected screenshots from the result-
ing video sequence. The subject was told to perform random motions at his own will, ranging
from walking to gymnastic exercises and clumsy dancing. Most of these motions have been
correctly estimated at good accuracy. Some errors occurred during the dancing motions when
the subject was quickly waving his arms in a random fashion. Our tracking algorithm was able
to recover from these errors shortly after they occurred. Minor imperfections could also be
observed when the subject was bending towards the ground, although the overall estimation
quality of these challenging motions remains impressive. The processing time per frame in
this sequence is about 10 sec (without any parallelization).

We have also collaborated with sports scientists to record video sequences of gymnastic
exercises performed by professional gymnasts. We have recorded two subjects, a male and
a female, during floor exercises. Due to the large spacial extent of the exercises that were
performed in a gym, we used three consumer cameras with Full HD resolution (1920×1080)
that we placed far away from the scene to capture the subjects at all time without having to
move the cameras. Processing at this high resolution takes about 25 sec per frame due to the
computational efficiency of the runlength-coded region masks used in our observation model
(Section 4.3). This corresponds to a sublinear increase in processing times with the number

109

http://memoman.cs.tum.edu


CHAPTER 4 Human Pose Tracking

FIGURE 4.27 Screenshots from a 6.5 min sequence of random motions. The full sequence
(over 10000 frames) has been tracked at once without reinitialization. One of three camera
views is shown.

of pixels when compared to the 10 sec per frame for the aforementioned video sequence at a
resolution of 384×288 pixels. Also, to cope with the extremely fast motions of the professional
athletes, we had to record the video at a sampling rate of 60 Hz. The parameterization and
especially the biomechanical inter-frame motion limits from Section 3.3.2 correspond to the
ones used in our other sequences recorded at 25 Hz, with the following exceptions. Due to
the fast relative motion of the pelvis e.g. during handstands, we had to increase the inter-
frame motion limits for the initial 6 d.o.f. pose of our human model. Furthermore, we have
tracked the full 51 d.o.f. of our model including the hands and feet, as they are frequently bent
e.g. to support the body during a handstand. Screenshots of the resulting video sequences are
presented in Figure 4.28 and Figure 4.29. As can be seen, our tracking results are to the largest
part accurate and robust, despite the extremely challenging motions of the athletes. Especially
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FIGURE 4.28 Screenshots from a video sequence featuring gymnastic exercises of a male sub-
ject (750 frames or 12 sec). One of three camera views is shown. The final results show
some minor imperfections when lying down due to shadows on the ground that sometimes
cause the legs to get switched. However, the flexible motions are accurately estimated due
to the realistic biomechanical model and the efficiency of our BIHS sampling strategy.

the strong bending and stretching of the human body during the exercises is perfectly captured
by the combination of our realistic human model and our tracking algorithm. Upon closer
inspection, we noticed some errors mostly related to the limbs. In the sequence with the
female athlete, the right lower leg deviates once, and one of the arms loses track towards the
end. In the sequence with the male athlete, the pose estimates get inaccurate and at one point
the legs are switched when the athlete is sitting down. When investigating these errors, we
noticed that strong shadows close to the ground caused problems when the athlete was lying
down, and that the clothing of the athletes was not visually distinctive from some regions in
the background. All of these problems thus seem to be related to the foreground segmentation.

The final sequence we want to present in this section is also the first sequence that we
recorded outdoors under direct sunlight. It features an athlete exercising in shot-put. The
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FIGURE 4.29 Screenshots from a video sequence featuring gymnastic exercises of a female
subject (640 frames or 10 sec). One of three camera views is shown (differing from the one
in Figure 4.28). The extreme bending motions are accurately estimated due to the realistic
biomechanical model. Minor errors corresponding to the temporary loss of one arm or one
leg are caused by problems with the foreground segmentation.

observed action of throwing the weight is performed in one sudden and fast motion. To be able
to capture this motion and to avoid motion blur, we again had to record the sequence at 60 Hz.
We used the same setup as in the gymnastic sequences and processed the scene at Full HD

resolution (1920×1080) in one go. Figure 4.30 shows screenshots from the resulting sequence.
The estimated motion is smooth and fits very well to the observed human, with the exception
of the left arm that lost track early in the sequence. After investigating this tracking loss, we
observed that the left arm was kept close to the body during the first half of the sequence.
Due to suboptimal placement of the cameras (two of the cameras were nearly opposite of each
other, which resulted in mirrored silhouette shapes), the left arm was not visible in any of the
binary foreground masks. Thus, the tracker made uninformed estimates of the arm’s motion
and was not able to recover the arm’s position once it suddenly reappeared during a fast swing
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FIGURE 4.30 Screenshots from an outdoor shot-put sequence (580 frames or 10 sec). The
motion is extremely fast and had to be recorded at 60 Hz. The estimated motion is realistic
and smooth, with the exception of the left arm that lost track early in the sequence. We
attribute this to a bad placement of the cameras on our behalf, as two of the three cameras
used were placed almost opposite of each other. The resulting pose ambiguities of the left
arm when moving close to the body could not be resolved. Images have been cropped.

motion away from the body. This shows that at least three cameras with substantially differing
and non-opposite viewing directions are needed to resolve the ambiguities resulting from self-
occlusions of the human body. On a side note, the strong shadows on the ground caused by
the direct sunlight did not distract the tracker, as the resulting shadow segments were well
separated from the human silhouette shape.

As has been shown, most of the problems encountered during our experiments can be at-
tributed to badly extracted silhouette masks from the foreground segmentation. This is often
a weak spot when applying human motion capture methods in uncontrolled environments.
During our experiments we took special care that subjects wore clearly distinguished cloth-
ing and we tried to record with as much ambient light as possible to reduce shadows caused
by the tracked subjects. We acknowledge that more sophisticated methods for foreground
segmentation will be needed in practice.

Further sequences will be presented in the experimental evaluation section at the end of the
next chapter of this thesis (Section 5.3). These sequences feature activities that include ma-
nipulations of objects and parts of the environment as well as interactions with other humans.
The methodology to cope with such challenging sequences will be presented in Chapter 5.
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4.7 Summary

In this chapter we have presented our approach on human pose tracking. Tracking is performed
using recursive Bayesian estimation, which is the preferred choice for most tracking tasks
due to the power and flexibility of the underlying probabilistic framework. It allows us to
model the belief about the current state (or pose) as a probability density function (pdf) that
accommodates the uncertainties that inevitable come with the task at hand. Given an initial
estimate, the pdfs can be computed incrementally for each timestep by first predicting a new
prior distribution based on the dynamics of the system as defined in the motion model, and then
computing the updated posterior distribution by incorporating the current image observations
as defined in the observation model.

When designing an algorithm for human pose tracking, one has to choose appropriate mo-
tion and observation models. For the motion model, we constrict ourselves to an unconstrained
model as we want to be able to track arbitrary motions. We assume that the pose stays constant
and only add random diffusion to account for the growing uncertainty induced by the unknown
motion between two timesteps. Our observation model is based on a comparison between seg-
mented foreground regions in multiple camera views and the corresponding projections of our
human model for all predicted poses.

In addition to the motion and observation model, one has to decide on a Bayesian estima-
tor that makes inference of the posterior pdf tractable. We have discussed commonly used
estimators such as the Kalman filter, the extended Kalman filter, or the particle filter, and in-
vestigated their applicability to the problem of articulated human pose tracking. Among these
estimators, particle filters are the most promising in the context of human pose tracking. How-
ever, when faced with the high dimensionality of articulated human models, standard particle
filtering quickly becomes computationally intractable.

We have then presented two hierarchical variants of particle filtering that have been pro-
posed in the literature, namely annealed particle filtering (APF) [46] and partitioned sampling

(PS) [94]. While APF is a multi-layered search strategy that has been inspired by simulated

annealing, PS is an approach at hierarchical decomposition of the state space that is well-
suited for articulated models. We have extensively evaluated their performance in human pose
tracking to assess strengths and weaknesses of both approaches. While both approaches per-
form well for tracking models with about 20 d.o.f. (evaluated in the context of upper body
tracking), they fail to robustly track higher dimensional models such as the model presented
in Chapter 3.

Based on the insights from our comparison of APF and PS, we have developed a novel so-
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phisticated sampling strategy for particle filters. This branched iterative hierarchical sampling

(BIHS) as introduced in Section 4.5 combines the multi-layered search strategy from the APF
with the hierarchical decomposition of PS to create a more robust and accurate sampling strat-
egy. In addition, it evaluates several partitioning schemes in parallel to improve robustness in
the presence of noisy observation data. We have also shown how adaptive sample sets can be
used to improve computational efficiency by coupling the number of particles and layers in
each partition to the uncertainty of the current estimate.

The newly proposed BIHS strategy has many considerable advantages when compared to
current state-of-the-art pose tracking algorithms. First, our exploration strategy is much more
efficient when compared to APF, and much more reliable when compared to PS. It works
by dividing the search space into manageable chunks that are then efficiently sampled by
identifying the relevant regions inside these partition and focusing particle evaluations in these
regions. Second, we split particle evaluations into parallel pipelines where the size and order
of the search space partitions is varied to create a large diversity in paths that the particles take
during exploration of the search space. As a result, our algorithm does not have the tendency to
get stuck in local maxima as opposed to PS or also deterministic optimization algorithms [12].
Finally, our sampling strategy scales much better to the high dimensionality of the state space
than any other unconstrained Bayesian approach that is known to us.

All conclusions in this chapter have been derived from extensive experimental evaluation.
For that, we have created simulated sequences from ground-truth motion data to focus our
evaluation on the sampling strategies and to eliminate possibly distracting influence from
noisy image observations. In addition, we have evaluated all presented methods on the HU-
MANEVAII data set to compare the mean joint errors that have been computed in relation to
the ground-truth data from a marker-based motion capture system on real sequences. The
achievable accuracy of the body joint estimates from our pose tracking algorithm is around
2 cm, as indicated in the simulation experiments. Other sequences we have used to evalu-
ate our algorithms feature challenging activities such as floor exercises or shot-putting. Our
experiments confirm the high accuracy, reliability and also efficiency of our BIHS strategy
when compared to APF or PS. The visual results on most of the tracked sequences are close
to perfect, and all sequences could be processed without reinitialization.
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CHAPTER 5

Appearance and Environment Modeling
Tracking Complex Manipulation Activities in Everyday Environments

Most approaches to human pose estimation work under the implicit assumptions that (•) the
person tracked is the only person in the scene, (•) the person is clearly distinguishable from
its surroundings, (•) the person does not interact with objects and the environment, and
(•) there is an unobstructed view from all cameras towards the person acting. While these
assumptions are convenient and easy to achieve in constrained research environments, they
almost never hold for real world applications. Still, little work to date has been targeted
on meeting the aforementioned requirements. As an example, consider the quasi-standard
HUMANEVA benchmarks [136] that have been adopted by the research community as a means
to compare different approaches [156, 26, 161, 55]. They consist of single subjects performing
predefined actions like walking, running or boxing in a large and uncluttered environment,
without any interactions.

The pose tracking methods as presented in Chapter 4 suffer from similar restrictions, due to
the observation model in Section 4.3 being dependant on the extraction of silhouette shapes.
The restriction on shapes is critical once the aforementioned implicit assumptions are violated,
as the segmentation of complete and unobstructed human silhouettes gets difficult.

In this chapter we will show how to extend the shape-based observation models with color-
based appearance models. Up to now we have used color information only for modeling
the background, yet color is also a valuable cue for modeling the foreground (i.e. the hu-
man). While this conclusion is easy to accept, color-based appearance modeling is seldom
encountered in human motion tracking. We attribute this to the large computational complex-
ity adding to the already high computational load. We will present an efficient approximation
of color distributions to limit the additional complexity and thus enable the use of color-based
appearance modeling (Section 5.1). In addition, we will show how appearance modeling can
be used to obtain implicit models of the environment. Using these layered environment mod-
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els (Section 5.2), we are able to deal with two frequent cases of environmental occlusions.
First, we show how to filter dynamic regions of an environment such as doors being opened
or objects being manipulated by the human subject. Second, we show how to model objects
such as furniture that can both occlude and be occluded by human subjects. This allows us to
apply the human pose estimation methods presented in the last chapter to sequences involving
humans performing everyday manipulation tasks in typical human living environments and to
other challenging scenarios (Section 5.3).

5.1 Color-Based Appearance Models

The observation model presented so far in Section 4.3 is purely based on shape cues. When
using three or more cameras, silhouette shapes are a sufficiently rich and unambiguous de-
scriptor of human poses ([14] and Section 4.6.1). However, as the observed environments
get more complex and dynamic, the segmentation of silhouettes becomes increasingly diffi-
cult. Adding additional cues such as color can help to disambiguate segmented foreground
objects, as we will show later in this chapter. Furthermore, color information can contribute
by enhancing the weight function for pose estimation. When using observation models based
on silhouette comparisons, a common problem is that the shapes of some body parts are not
indicative on their orientation. This holds especially for heads, that appear round-shaped from
all viewing angles. Here, adding color information helps to distinguish between the face and
the back of the head.

Color- or texture-based appearance models are seldom used in human pose estimation. This
is partially associated to the large computational expenses of common methods, that often re-
quire e.g. the calculation of Mahalanobis distances to Gaussian color distributions. In contrast
to background subtraction methods that can afford to use such techniques as evaluation takes
place only once per frame, appearance models used for human tracking have to be evaluated
for every particle. Still, some work in this area has been presented. Balan and Black [15]
have proposed the use of adaptive image templates that are updated over time. Kehl and van
Gool [79] attach color information to the voxels of visual hulls to improve the correspondence
search between the model and the visual hull. Gall et al. [55] use an analysis-by-synthesis
approach to detect point correspondences between the image and a rendered projection of
a textured surface model. The computational costs are kept within reasonable bounds, as the
evaluation is restricted to only a few salient points. As a downside, subjects need to be wearing
prominently textured clothing.
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5.1.1 Fast Approximate Color Representation Using Bitmasks

In this section we present a fast approximate method to encode color distributions that will
enable us to efficiently render and evaluate color-based versions of our human model. Our
method supports the encoding of colors C and of color clusters/distributionsD, and it provides
an efficient test function isSimilar(C,D) for deciding whether a color corresponds to a color
distribution. In practice, the color C often corresponds to an observation that is compared
to a trained color distribution D of an appearance model. To be able to do this comparison
efficiently, we divide the 3D colorspace (e.g. RGB, HSV, HLS, Lab, etc.) into voxels of equal
size and represent each color channel with a bitmask. When using 32 bit Integers for each color
channel, the colorspace is divided into a grid of 32 × 32 × 32 = 32768 different colors. The
set bits in each bitmask correspond to grid indices for the color voxels, and the intersections
of the set bits in the three channel bitmasks mark the color voxels belonging to the respective
color cluster (Figure 5.1a).

a) b)

FIGURE 5.1 a) Bit-indexed color representation, where the bits set in three bitmasks encode a
cuboid color distributions in 3D colorspace. b) RGB cube and HLS dual cone color repre-
sentations at comparable spatial alignment. When using bit-indexed color representations,
the HLS dual cone representation is able to encode color distributions that are closer to
the ones observable in human environments. The reason for this is that its underlying axes
(hue, luminance and saturation) are better aligned with the principal directions of variance
in typical color distribution.

We distinguish between individual colors CXYZ and color clusters or distributions DXYZ

(where the subscript XYZ denotes the used colorspace). Single colors CXYZ are defined by
three corresponding voxel indices 〈iX , iY , iZ 〉 (one per color dimension). Color clusters or
distributions D are defined by three voxel index intervals 〈[iX : jX ], [iY : jY ], [iZ : jZ ]〉, that
when expressed in terms of bitmasks (i.e. each index in the interval corresponds to a set bit)
represent a cuboid voxel cluster in the colorspace XYZ (as in Figure 5.1a). Other types of
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possible bitmask encodings (with gaps between set bits) are not allowed.
The core advantage of this bitmask representation is that the function isSimilar(C,D) for

testing whether a color C corresponds to the color cluster D is now efficiently implemented
using bitwise logical AND operations. Correspondence is established when all three resulting
Integers are non-zero, i.e. at least one bit is set. Such computations can be efficiently optimized
in software using techniques such as loop-unrolling, or in hardware by taking advantage of
SIMD (single instruction, multiple data) extensions or direct parallelization on GPUs.

A downside to this representation is that it is only possible to encode rectangular clusters
of color in the 3D colorspace. This restriction is critical when using the RGB colorspace,
as typical color distributions resemble ellipsoids whose main directions of variance approxi-
mately correspond to the brightness direction (i.e. the diagonal between black and white) [80].
Therefore, we propose to use the HLS colorspace (hue, luminance and saturation), where the
brightness direction is directly given via the luminance component (note that we do not use
the HSV space as the brightness component there is non-linear). Rectangular color clusters
in the HLS space thus corresponds to non-rectangular clusters in the RGB space that approx-
imate the observed color distributions more closely. Figure 5.1b shows the RGB and HLS
colorspaces at a comparable spatial alignment, which depicts the diagonal orientation of the
HLS space when compared to the RGB space.

a) b) c)

FIGURE 5.2 Minimal dilation values for HLS color bitmasks CHLS as perceived by humans: a)
hue dependant on luminance index iL b) hue dependant on saturation index iS c) saturation
dependant on luminance index iL. Given the luminance (a and c) or saturation (b) indices
of a color CHLS , the dilation values approximately encode how many neighboring color
voxels in the hue (a and b) or saturation (c) direction are nearly indistinguishable by human
perception. The values have been estimated in a simple GUI based perception experiment.

A restriction of the HLS colorspace is the fact that the hue and saturation channels loose
significance at high and low luminance, and that hue also looses significance at low saturation.
Therefore, when comparing e.g. two very dark colors, the hue and saturation indices should not
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be influential in deciding on color correspondence, as they might differ significantly despite
humans perceiving these colors as similar. This issue can be fixed by dilating the respective
bitmasks of the test color CHLS such that color channels with low significance will always
provide non-zero values when being evaluated using the bitwise AND operation, regardless
of the initial bitmask indices. Applying dilation to a bitmask means that all bits inside a
fixed size neighborhood of initially set bits get also set, thus effectively increasing the color
cluster by adding neighboring colors. Note that dilation is circular for the hue channel, i.e.
neighborhoods wrap around at the highest and lowest bits of the hue bitmask. Figure 5.2
depicts the neighborhood size of the dilation that should be added to the hue respectively
saturation channels of the test color CHLS depending on its luminance and saturation indices
iL and iS . The corresponding dilated bitmasks for each color CHLS can be precomputed in a
look-up table for fast access. The dilation values in Figure 5.2 have been estimated manually
based on whether neighboring color voxels could be perceived as different colors.

Channel Value Bitmask (32bit, most-significant bit left)

Hue 0 00000000000000000000000000000001

Lum 128 00000000000000010000000000000000

Sat 255 10000000000000000000000000000000

Hue 0 11000000000000000000000000000111

Lum 128 00000000001111111111100000000000

Sat 255 11100000000000000000000000000000

Hue 96 11111111111111111111111111111111

Lum 10 00000000000000000000000000000010

Sat 170 11111111111111111111111111111111

TABLE 5.1 Example bitmasks corresponding to the following colors (top-down): 1) bright red
color 2) bright red color with optional dilation to increase the allowed variation (especially
in the luminance/brightness component) 3) very dark red (almost indistinguishable from
black); the hue and saturation channels were dilated according to Figure 5.2 to account for
their insignificance at low luminance.

Another potentially useful application for dilation is to reduce the expected level of simi-
larity between a color CHLS and a distribution DHLS . The more dilation is applied to CHLS ,
the less similar does the color need to be to the trained distribution. By applying this principle
to e.g. the luminance component, we can allow for larger brightness differences between col-
ors. In Table 5.1 we provide some example bitmask representations of colors that depict how
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dilation is applied depending on context.

To account for changes in lighting conditions, it is possible to bit-shift the luminance com-
ponents of learned color distributions, to approximate the expected appearance under these
changed conditions. The amount of shifting can be estimated by a histogram comparison of
the current images and the images used when training the color distribution.

5.1.2 Human Appearance Models for Pose Estimation

In the last section we have presented a fast approximate color representation based on bit-
masks that allows us to compare observed colors C with learned color distributions D at a
low computational cost. We will now show how this can be used to enhance the shape-based
observation model from Section 4.3 by incorporating color cues. The idea is to learn a color
distribution for each triangle on the surface mesh of our human model from Chapter 3, i.e.
to augment the human model with an appearance model. Figure 5.3 shows three examples of
human model instances that have been augmented with color information that was extracted
directly from the camera images.

FIGURE 5.3 Renderings of three human model instances in different poses with learned mean
colors for each surface triangle.

We learn color distributions for each surface triangle by getting a first estimate from the
initial pose before tracking starts. This estimate is then refined, as tracking progresses. The
association of image colors to the surface triangles is achieved by rendering the triangles of
the model in the known or estimated pose with the z-buffer algorithm using a unique global
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triangle index as color. As a result, each pixel on the model projection (and thus its color
in the current image) is associated with the index of the triangle that it most likely belongs
to. Using the z-buffer algorithm for rendering ensures that distant triangles are drawn before
closer ones, and thus that pixel colors are only associated to visible surface triangles. To
prevent the association of outliers or noisy colors to color distributions, we only add new
colors when they are reasonably close to the current cluster mean, and when the triangle
normal is approximately facing towards the camera from which the current image was taken.
By updating only triangles that are faced towards the camera, chances that the visible pixel
corresponds to the human subject (and more precisely to that specific triangle) are higher
than when updating triangles that are facing sideways. The HLS color bitmask representation
DHLS that best represents the color samples of an associated triangle is calculated based on
the sample mean of all colors in the HLS space and the sample variances in the direction of
the hue, luminance and saturation channels. For long-term observations, we recommend to
update the means of the luminance channel based on brightness changes that are observed by
histogram comparison.

Given a color distribution for each surface triangle of the human model, we can render
colored model projections for each camera view and perform a pixelwise color comparison
with the current image. Therefore, we estimate how well a rendered color projection of our
model matches with the image colors. We do this for every particle state x

(n)
t by calculating

the appearance error e(n)a that corresponds to the ratio between the number of projected pixels

that differ in color from the current image and the number of all projected model pixels (i.e.
the number of set pixels in the binary projection mask I(n)P ):

e(n)a =
COUNT(I

(n)
P )− COUNT( SIMILAR(C

(n)
P , CI) )

COUNT(I
(n)
P )

(5.1)

Here, C(n)
P corresponds to the HLS color bitmask rendering of the human model based on the

state x
(n)
t of the n-th particle, and CI corresponds to the HLS color bitmask representation

of the current image. The operator SIMILAR(Ca, Cb) in Equation 5.1 converts two color
bitmasks Ca and Cb into a binary region mask that is set (1) for all pixels that are similar
in color, and unset (0) for all pixels that differ in color. This corresponds to a pixelwise
evaluation of the isSimilar function introduced in Section 5.1.1. Note that all pixels outside
of the rendered projection in C(n)

P will evaluate to 0 when their corresponding bitmasks are
also set to 0. The COUNT operator counts the number of non-zero pixels as introduced in
Equation 4.25.

To incorporate the new error measure ea from Equation 5.1, we need to update the calcu-

123



CHAPTER 5 Appearance and Environment Modeling

lation of the particle weights w(n) from Equation 4.27 to consider this additional source of
information:

w(n)
s = 1−

e(n)s −min
n
e(n)s

max
n

e(n)s −min
n
e(n)s

(5.2)

w(n)
a = 1−

e(n)a −min
n
e(n)a

max
n

e(n)a −min
n
e(n)a

(5.3)

w(n) = α · w(n)
s + β · w(n)

a (5.4)

Now, w(n) corresponds to a combined weight based on shape and color cues. The constants
α and β are used to balance the contributions of the shape weights w(n)

s and the appearance
weights w(n)

a to the overall weight w(n). In our experiments we found α=0.7 and β=0.3 to
be suitable values, as the shape-based weights are usually more reliable than the ones based
on appearance. Finally, the weights are adapted as in Equations 4.29 or 4.30 to control the
survival rate, and then normalized such that all weights sum up to 1.

By rendering a fully colored model of the human subject that is evaluated for every pixel,
our observation model is to large extents independent from the type of clothing that is worn.
Therefore, we do not rely on the presence of salient features that require textured clothing to
work well. On the other hand, detailed textures on the clothing will not be captured by our
method, as all pixels corresponding to a surface triangle are equally colored and represented
by a single distribution. However, the level of detail on the surface mesh is high enough to
provide good approximations even for textured clothes.

5.2 Layered Environment Models

In Section 4.3 we introduced a shape-based observation model that compares binary fore-
ground masks IF that are extracted using foreground-background segmentation methods with
model projection masks IP that are rendered shape projection of the current pose state. Such
observation models are prone to errors once scenes become dynamic and subjects start inter-
acting with the environment. In these cases, the extracted foreground masks IF can contain
dynamic parts of the environment in addition to the human subjects. Furthermore, humans
might be contained only partially in the foreground silhouettes due to occlusions from the
environment. Therefore, commonly used shape-based observation models such as the one
presented in Section 4.3 become unusable. Color-based observation models such as the one
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presented in Section 5.1.2 can be used to enhance shape-based observation models, but they
do not provide a replacement, as color information is less reliable than shape. They also suffer
from occlusions to some extent, especially when humans wear homogeneously colored clothes
and the amount of available color cues that can be used to distinguish between different poses
becomes critically low. The most promising solution to these kinds of problems is to model
the environment, such that occlusion reasoning can be performed.

Cases where humans are interacting with a dynamic environment have to the best of our
knowledge not been considered to date in the CV community. The quasi-standard HUMANEVA

benchmarks [136] of single actors performing in an uncluttered environment without environ-
mental interactions illustrate the current state of the art in research. Some approaches have
used models of the ground plane to reduce the common problem of foot skate during tracking,
e.g. Vondrak et al. [161] use a motion prior enforcing physical constraints from the ground
plane contact. Rosenhahn et al. [123] incorporate the ground plane as a constraint into their
optimization framework. However, full 3D models of the environment have not yet been used
in human pose estimation, as real-time acquisition of such models in itself is an unsolved
problem.

We propose the use of layered environment models to approach the problem of humans
interacting with dynamic environments. These are simple 2D models that are capable to im-
plicitly model occlusions and dynamic regions directly in the image plane. They take advan-
tage of the learned appearance models presented in Section 5.1.2, and require only minimal
initialization by the user. This makes them faster and also much easier to use in practice than
approaches that would require explicit 3D models of the environment. Still, they are capable
to deal with all cases of occlusions and dynamic objects or dynamic parts of the environment.

To deal with cases of dynamic non-human foreground objects and environmental occlu-
sions, we introduce a new binary layer mask IB into our observation model, that will be used
to block regions from processing. This mask is set (1) for all pixels that should be processed,
and unset (0) for regions to be blocked. Blocking is then achieved by masking out the respec-
tive parts in both the foreground mask IF and the projection mask IP before evaluating the
shape error es from Equation 4.26 and the appearance error ea from Equation 5.1:

IF = AND(IF , IB) (5.5)

IP = AND(IP , IB) (5.6)

The filtering of blocked regions is done by a pixelwise logical AND operation between both
the foreground mask IF and the blocking layer IB and between the projection mask IP and
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the blocking layer IB. This principle is graphically depicted in Figure 5.4 for the example of
blocking an occluding table. As a result, the blocked regions in the image plane are removed
from IF and IP . Thus, silhouette differences between IF and IP in these blocked regions do
not add to the shape error es, nor can these regions be used to favor incorrect model projections
when containing incorrectly detected foreground shapes (e.g. dynamic objects).

a) b)

AND =

AND =

FIGURE 5.4 Principle of blocking layers: a) original camera image (top) and corresponding
blocking layer IB with marked table (bottom) b) the blocking layer is used to remove
uncertain regions from both foreground mask IF (top row) and projection mask IP (bottom
row) by means of a bitwise AND operator. Therefore, the regions marked as blocked in IB
(black) are effectively ignored when calculating the shape error es (Equation 4.26).

In the next sections, we will show how these blocking layers can be used to filter dynamic
non-human foreground objects and how they can help in modeling occlusions.

5.2.1 Filtering Dynamic Non-Human Foreground Objects

Environments in which humans act (and others also) are constantly evolving, e.g. objects
change their location, doors are being opened and closed, or furniture is moved around. Much
of these changes are correlated with human actions, e.g. through object manipulations. When
trying to observe humans in these environments, such dynamic changes have to be taken into
account. Remember that the foreground masks IF are extracted based on training examples
of the scene background (Section 4.3). In the case of long-term changes, such as furniture be-
ing moved around once in a while, sophisticated foreground segmentation techniques can be
used to adapt to changing background [80]. However, object manipulations such as carrying
of objects or opening of doors/cupboards/drawers need to be considered by the pose estima-
tion algorithm, as they will most certainly appear as additional segmented foreground in the
foreground mask IF and mix with the human silhouettes.

Our approach is to distinguish the foreground regions based on their color appearance. To
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a)

b)

c)

d)

e)

FIGURE 5.5 Implicit filtering of dynamic obstacles shown on example frame with opened cup-
board: a) original images b) unmodified foreground masks IF c) tracking results without
using appearance filtering d) foreground masks I ′F after non-human foreground removal
e) tracking results using appearance filtering. Each column shows one camera view. White
color in the mask represents set bits.

filter dynamic objects, we introduce another 2D layer with the human appearance mask IH .
This binary mask is set (1) whenever a pixel’s color resembles a color in the appearance model
learned in Section 5.1.2. Such a mask can be calculated efficiently using a binary lookup table
for each color voxel index that is calculated once when the appearance model is updated.
When using 32 bit integer bitmasks the lookup table will have to index 32768 color voxels.
We then remove non-human parts from the foreground mask IF and add them to the blocking
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mask IB using the following operations:

I ′F = AND(IF , IH) (5.7)

I ′B = AND(IB,NOT(DIFF(IF , I
′
F ))) (5.8)

Adding non-human parts to the blocking region is important, as it is unknown whether the dy-
namic objects are occluding the human. Therefore, the filtered regions will be ignored during
processing. This also weakens the influence of erroneously removed parts of the humans, as
they will not penalize the final particle weights. The effectivity of these simple operations is
shown in Figure 5.5 for the example of opening a cupboard door.

5.2.2 Modeling Environmental Occlusions

Another critical case in everyday environments is that the human subjects are often occluded
by the environment. When these occlusions are caused by dynamic objects or parts of the
environment, we can cope with them by filtering the dynamic non-human foreground as de-
scribed in Section 5.2.1. However, occlusions are also often caused by static objects such as
tables or other kinds of furniture. These objects are permanently modeled as background and
do not appear in the foreground masks IF , thus they cannot be filtered by the aforementioned
method.

We can use the blocking masks IB to model these static occluding parts of the environment.
We mark regions that are candidates for occlusions (e.g. tables) by unsetting these regions in
the blocking mask IB. This needs to be done once during camera setup and can be done by
a user within seconds by choosing a polygonal region to be considered. Such regions will by
default be ignored during evaluation. However, one needs to consider that such objects do not
only occlude the humans, but can also be occluded by the humans, as there is no persistent
spatial ordering. To prevent valid observations of human body parts to be blocked, e.g. when
arms are visible above a table, we exclude all human-like foreground regions from blocking:

I ′′B = OR(I ′B, I
′
F ) (5.9)

The impact of this occlusion modeling is shown in Figure 5.6 using an example of a human
putting down a cup on a table such that his arms are visible above the table but his legs are
occluded in some of the camera views. When using the proposed occlusion modeling, the
otherwise incorrectly tracked leg positions are correctly recovered.

The amount of occlusion that can be compensated depends on the number of cameras used
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a)

b)

c)

d)

e)

FIGURE 5.6 Implicit occlusion handling shown on example frame with table: a) original im-
ages b) tracking results without using blocking layers and appearance filtering c) original
user-specified blocking masks IB d) blocking masks I ′′B after exclusion of human-like parts
e) tracking results using blocking layers and appearance filtering. Each column shows one
camera view. Blocked regions correspond to black areas in the blocking masks.

and on their placement. As a rule of thumb (based on the experiments in Section 4.6.1 on the
number of cameras needed for handling ambiguities in human pose estimation), each body
part should always be observable from three different camera views. When the occlusion is
minor (e.g. only the lower legs), two unoccluded camera views are often sufficient. Thus,
scenarios where the amount of occlusion is large require more cameras to succeed in tracking
the subject. However, the number of cameras needed for successful tracking will still be much
lower than when using a comparable occlusion handling with approaches relying on visual

129



CHAPTER 5 Appearance and Environment Modeling

hull extraction.

5.3 Experimental Evaluation

To evaluate the methods presented in this chapter, we have recorded several sequences in en-
vironments that have a greater level of realism than what the HUMANEVA data set or similar
sequences can provide. In particular, this implies that we allow the tracking subjects to be
partially occluded by the environment. Furthermore, the subjects may interact with the envi-
ronment, e.g. by manipulating objects or dynamic parts of the environment. Unfortunately, we
cannot provide ground-truth data to these sequences, as we do not have access to marker-based
motion capture systems and manual labeling of a large amount of image data is beyond our
resources. Therefore, we will rely on visual inspection of the tracking results based on wire-
frame versions of our human model that are projected on top of the original video sequences.
In the multi-camera case, where these projections can be inspected for several viewpoints, this
gives a good impression on the accuracy and robustness of the evaluated methods.

We have recorded sequences in two different environments. In Section 5.3.1 we present
a scenario where a human subject is getting in and out of a car mock-up. Such a scenario
is common in ergonomic applications, e.g. when the comfort of passenger compartments is
assessed. The main challenges here are the occlusions that are caused by the mock-up. All
of the remaining sequences have been recorded in a kitchen environment, where the main
challenge is given by the interaction of the subjects with objects and parts of the environment,
in addition to occlusions by parts of the environment. We will present sequences of table
setting tasks performed in this environment in Section 5.3.2. In Section 5.3.3 we present the
TUM KITCHEN data set as a compilation of all recorded sequences of kitchen activities that
we have processed. To the best of our knowledge, this is the first publicly available data
set where markerless motion capture data has been provided in addition to video sequences.
Finally, we show how human appearance models can be used to track multiple targets at once
in Section 5.3.4.

In all of the following evaluations, we have used the branched iterative hierarchical sam-

pling (BIHS) strategy as presented in Section 4.5 with 10 layers and 800 particles. The param-
eter settings for the motion model (i.e. inter-frame motion limits, annealing schemes, etc.) cor-
respond to the settings used in the experiments in Section 4.6.2. In addition, we have learned
human appearance models as in Section 5.1 for every recorded subject. We will explicitly
denote when we use them to augment the observation model with a color-based weight term
as in Section 5.1.2. The implicit environment modeling through layered environment models
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as described in Section 5.2 has been used in all of the following experiments.

5.3.1 Partial Occlusions in a Car Mock-Up

In our first setup we evaluate the reliability of our motion tracking algorithm in a more clut-
tered environment with several occluding artifacts. The scenario consists of a person getting
into and out of a car mock-up that has been assembled in a large industrial hall. The car mock-
up serves as an approximation of a passenger cabin and consists of a driver’s seat, armatures,
steering wheels, foot pedals, gear shift, and a surrounding skeleton made from steel bars. Due
to the missing body panels, mock-ups are well suited for recording the human subjects from
different viewpoints. The motion sequence of getting into and out of this mock-up is similar
to the motion that would be needed to get into and out of a real car.

Analyzing these kinds of motion sequences is of interest to car manufacturers that want to
study the ergonomic characteristics of a new car design. Instead of having to build a detailed
and expensive one-to-one copy of a new design to analyze user comfort and safety issues, an
assembled mock-up of equivalent size can serve this purpose. At the time of writing how-
ever, the automated estimation of human full body motions in such a task is difficult even for
marker-based tracking systems, due to the occlusions from bars and other parts of the mock-
up. Therefore, the only viable solution so far has been to manually adapt the model to the
recorded sequence frame by frame.

a) b) c)

FIGURE 5.7 Example frame from a car mock-up sequence: a) original frame b) tracking result
without layered environment model c) tracking result with layered environment model.

We have recorded a lengthy sequence of 2500 frames (or 100 sec) of a subject that gets into
and out of the mock-up several times. The sequence also includes the simulation of driving
behavior by the subject (steering, shifting the gear, reaching for the glove compartment, etc.).
Four static cameras have been placed in the environment to observe the subject from different
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viewpoints. When sitting in the driver’s seat, only one camera has an unoccluded view on the
subject. About half of the subject is occluded in two of the three other cameras, and about
a fourth of the subject in the last one. During initialization of our setup, we have manually
marked the occluded regions in all of the camera views to create the initial blocking masks IB
for the layered environment model as presented in Section 5.2. The video frames have been
processed at a resolution of 480×270.

Due to the large amount of occlusion in the scene, shape-based observation models as the
one presented in Section 4.3 without additional environment modeling are bound to fail. Using
the layered environment model, we have been able to track the subject through the whole
sequence at good accuracy. The difference that our implicit environment modeling makes
on the tracking results is shown for an example frame in Figure 5.7. In addition, we show
several representative screenshots from the resulting sequence in Figure 5.8. The full video is
available from http://memoman.cs.tum.edu.

5.3.2 Everyday Manipulation Tasks in a Kitchen Environment

The second setup in which we evaluated our methods is the ASSISTIVE KITCHEN [23] at
the TUM. This kitchen environment features a kitchenette with typical kitchen appliances
(fridge, oven, sink, cupboards and drawers) and a dining table. The kitchen is observed by
four ceiling mounted cameras. In addition, a smart sensor network is embedded into the
environment, consisting of additional sensors such as laser scanners, RFID readers or magnetic
(reed) sensors. However, the additional sensors are not used in our experiments.

We recorded a sequence of a person that was told to set the table. This involved several
pick and place actions of objects that were located at different positions in the environment.
A place-mat and a napkin were located at the counter-top, while plates and cups were located
in a cupboard, and silverware was located in a drawer. To create a longer, more robot-like se-
quence, the person was told to carry the objects one by one, e.g. the spoon, fork and knife have
been picked from the drawer and placed on the table separately. The resulting minute-long
video sequence is composed of about 1500 frames, which have been processed at a resolution
of 384×288.

The specific challenge in this sequence is to track a person that interacts with the environ-
ment by opening cupboards or drawers, that carries objects around to place them elsewhere,
and that is partially occluded by the table in two of the four camera views. We have tack-
led this problem by learning a human specific appearance model as described in Section 5.1.
This model was then used to filter dynamic parts in the environment such as revolving doors
or objects being carried around (Section 5.2.1), and to correctly model the occlusions from
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the dining table without ignoring the visible human activity above the table (Section 5.2.2).
For the latter, we have initially created the blocking masks IB by marking a polygonal region
corresponding to the projection of the table in the two affected camera views. The different
tracking results when using our layered environment models as compared to no environment
modeling are shown in Figure 5.9.

The full sequence was processed in a single tracking run without interruption and yielded
visually accurate tracking results. Figure 5.10 shows several screenshots as seen from all four
camera views. The position of the torso and all limbs have been correctly tracked throughout
the sequence. If at all, smaller inaccuracies can be observed around the feet, where imprecise
segmentation due to shadows and the ground leads to foot skate. Also, the orientation of the
head is unstable at times. The precision of the resulting pose estimates is illustrated in Fig-
ure 5.11, where we show a single frame of the sequence and the corresponding inner and outer
model projections. In addition, we show the human model including the learned appearance
model from a virtual viewpoint.

In a second experiment, we have evaluated how a combination of the purely shape-based ob-
servation model from Section 4.3 with the color-based observation model from Section 5.1.2
affects the tracking behavior. The differences in tracking accuracy were marginal, however
we did notice less shaking in the orientation of the head. This makes sense, as the binary
silhouette of the head looks almost similar from all sides, while additional color information
provides valuable cues on the viewpoint due to the difference in appearance between the face
and the back of the head. However, we also noticed in several other sequences that when the
tracked subject is wearing uniformly colored clothing, the additional color-based weight term
in Equation 5.4 often confuses the tracker and leads to incorrect tracking results. We believe
this might be due to inaccurate global maxima of the combined weight function that result
from difficult lighting situations or inaccurately learned color distributions. As an example,
the tracking algorithm could favor a wrong pose for an arm that associates it with the torso
when the observed colors at the true arm location differ strongly from the learned color dis-
tributions due to a strong shadow. Our recommendation is thus to use the color-based weight
term from Equation 5.4 only when evaluating the model projections corresponding to the head
of the human subjects, and to stick to the shape-based observation model from Section 4.3
otherwise.

5.3.3 The TUM KITCHEN Data Set

In the last section we have evaluated our method on a table setting task in a realistic kitchen
environment. In total, we have recorded more than 40 sequences with 6 different subjects in
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this environment. All sequences range from 1 to 5 minutes, and consist mainly of table setting
tasks, but also of repetitive pick and place actions.

Out of these sequences, we have processed 21 sequences from 4 different subjects with our
markerless motion capture system, out of which 4 are shown in Figure 5.12. The tracking
results on these sequences are accurate and reliable despite frequent interactions with the
environment, object manipulations, and partial occlusions. Some of the sequences required
small amounts of post-processing due to partial tracking failures. The most common failure
appeared when subjects were reaching into the rightmost cupboard, and the lifting of the right
arm was missed by the tracker. The cause for this is that the lifting motion is not visible in any
of the cameras due to a blind spot caused by bad placement of the cameras. Other infrequently
observed failures are that one of the arms temporarily sticks to the body or that legs get crossed
for a couple of frames only.

To foster scientific exchange, we decided to provide the original video sequences includ-
ing the retrieved (and whenever necessary post-processed) motion capture data to the research
community. The resulting TUM KITCHEN data set [150] is publicly available for download
from http://kitchendata.cs.tum.edu. In addition to the original calibrated video
sequences and our motion capture data in the common bvh file format, we have added syn-
chronized sensor readings from the sensor network in the ASSISTIVE KITCHEN. These consist
of RFID readings from three fixed readers embedded in the environment (table, counter-top
and cupboard) to detect the location of tagged objects such as plates or cups, and of magnetic
(reed) sensor readings to detect whether doors or drawers in the environment are opened or
closed. In combination with the additionally provided fine-grained semantic action labels (for
the torso and for both hands separately), this data set is equally suited for the evaluation of
algorithms for human motion capture as well as for motion segmentation or activity recog-
nition. Positive feedback from other researchers and the download statistics for the data set
(∼80 GB in the first three months) show that the TUM KITCHEN data set is well received by
the research community.

We believe that the data set will aid researchers by providing a comprehensive collection
of sensory input data that can be used to develop and verify related algorithms, and that can
serve as a benchmark for comparative studies. One of the key advantages of our data set is
the high level of realism in both the modeling of the scene and the type of activities that has
been recorded. Most data sets to date focus on artificial actions such as kick, punch or jumping

jack [128, 25, 42, 43], whereas the TUM KITCHEN data set features natural and subtle motions
with smooth transitions between actions. Furthermore, most data sets provide either video
sequences [128, 25] or motion capture data [42, 43, 10], but few combine these modalities.
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The CMU KITCHEN data set [132] contains multi-modal observations of several cooking
tasks, including calibrated cameras and motion capture data from a commercial marker-based
motion capture system. However, the actors are heavily equipped with markers and technical
devices, which makes it difficult to evaluate markerless motion tracking algorithms on the
video data. The TUM KITCHEN data set provides more realistic video sequences due to our
unintrusive markerless motion tracking system.

To the best of our knowledge, this is the first time that large amounts of challenging data
have been successfully processed by a markerless motion capture system. One exception
might be the commercial ORGANIC MOTION STAGE tracking system from INITION [142],
however this state-of-the-art system relies on the reconstruction of visual hulls that requires
much more cameras (∼ 16) and an empty environment without clutter. Our method does not
suffer from these limitations, due to our sophisticated hierarchical sampling strategy (Sec-
tion 4.5) in combination with the appearance and environment modeling presented in this
chapter. To be able to achieve comparable results for the presented sequences with an ob-
servation model based on visual hull reconstruction, the number of cameras necessary would
likely be intractable.

5.3.4 Tracking Multiple Targets in a Kitchen Environment

We have presented layered environment models as a means to distinguish between humans
and dynamic objects or dynamic parts of the environment. The same principle can be used
to distinguish between multiple humans acting in the same scene. Usually, the combined
segmentation of several human silhouettes results in a merged shape that will confuse shape-
based trackers. We can use the appearance models to soften this effect by considering the
colors corresponding to each human. Of course, this requires that the subjects wear visually
distinctive clothes. The respective other subject is then treated as a dynamic object and filtered
from the segmentation. However, the filtering is not perfect due to unavoidable overlap in
colors between the humans, e.g. for the skin colors.

We have recorded a sequence in our kitchen environment where two humans jointly clear
the table and load a dishwasher. During this joint activity, several objects are being handed
over between the subjects. One of the subject opens the dishwasher to to fill it with the objects
it receives, and afterwards closes it again. Furthermore, some objects are placed back into the
cupboards.

The sequence has a total length of 1300 frames or 52 sec and has been processed at a resolu-
tion of 384×288 pixels. We have initialized and tracked each subject individually, resulting in
two separate runs of our tracking algorithm. For the final video sequence shown in Figure 5.13
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we have overlaid the estimated poses from each run with different colors. As the screenshots
indicate, the sequence was tracked at a good accuracy with very little imperfections. Despite
the motion of the subjects that occlude each other several times in some of the camera views,
the tracking quality is comparable to that of single subject tracking. The largest discrepancies
between the real and the estimated motion is given when one of the subjects bends down and
fills the dishwasher. Here, the estimates for both arms tend to be inaccurate, partially due
to the fact that the bend over torso of the subjects blocks the line of sight towards its arms.
An additional camera positioned significantly lower than the ceiling mounted cameras could
possibly improve the results in this respect.

The whole video can be viewed online at http://memoman.cs.tum.edu.

5.4 Summary

Markerless human motion capture methods to date have been restricted to (preferably unclut-
tered) environments where the cameras can be placed such that an unobstructed view towards
the subject is guaranteed. The human silhouette must be easily segmentable from the back-
ground as a whole, which excludes all kinds of manipulation activities and scenes that fea-
ture dynamic objects. This is best illustrated by the fact that the quasi-standard HUMANEVA

benchmarks for markerless human motion capturing adhere to these restrictions, and that the
only competitive commercially available markerless motion capture system to date (ORGANIC

MOTION STAGE [142]) requires a set-up in a completely empty room with uniformly colored
walls.

In this chapter we have shown how to extend markerless motion capturing to cluttered
environments with occluded camera views and to activities that involve the manipulation of
objects or interactions with other humans or non-static parts of the environment. The main
idea is to learn an appearance model for the tracking subject to augment shape information
with additional color information. We do this by associating each surface triangle on our
human model with a learned color distribution.

Comparing color distributions can be computationally demanding, especially when it needs
to be done pixel by pixel for every particle evaluation. We have presented an approximate
color model that uses bit-indices to encode color distributions in HLS colorspace. Comparing
two colors in this representation can be efficiently implemented with logical bit operations,
which is also well-suited for further optimization on a GPU. We can use the color information
to augment the shape-based observation model presented in the last chapter with additional
appearance cues. The human model can then be rendered in color and compared to the current
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image observations. This can help to stabilize the tracking of body parts such as the head,
whose silhouette shapes are not easily distinguishable when viewed from different viewpoints.

We have then shown how the human appearance models can be used for implicit environ-
ment modeling. This enables us to filter dynamic parts such as objects being carried around
or doors being opened from the segmented foreground and to ignore them in our observation
model. Furthermore, we are able to model parts of the environment that can both occlude a
human and be occluded by a human (e.g. chairs and tables). All this can be done efficiently
based on 2D layered models without the need for explicit 3D models of the environment.

The presented appearance and environment models enable us to apply our motion track-
ing algorithm to challenging sequences. In our experiments, we have successfully used our
method to track human subjects getting into and out of a car-mockup, and during table-setting
tasks in a kitchen environment. Both scenes contain partially occluded camera views, and the
kitchen sequences consist of activities where objects and parts of the environment are being
manipulated. Our motion tracking is very stable and easy to apply to new scenes due to the
unintrusive setup. We were able to process a total of 21 sequences from 4 different subjects in
the kitchen environment and to publish the results in the TUM KITCHEN data set. To the best
of our knowledge, this is the first time that a markerless motion capture system has been used
to create a motion capture data set. We can therefore provide motion capture data along with
the corresponding video sequences that appear completely natural and without distracting ev-
idence of a motion capture setup. Finally, we have shown that our system is also capable to
track joint activities of two interacting subjects in such a challenging environment.

137



CHAPTER 5 Appearance and Environment Modeling

FIGURE 5.8 Screenshots from a car mock-up sequence (2500 frames or 100 sec). Each column
corresponds to one of the four camera views. Notice the occlusions from the environment,
that are strongest in the second and fourth camera view.
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a) b) c)

FIGURE 5.9 Example frame from a kitchen sequence: a) original frame b) tracking result
without layered environment model c) tracking result with layered environment model.
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FIGURE 5.10 Screenshots from a kitchen sequence (1500 frames or 60 sec). Each column
corresponds to one of the four camera views. Notice the interactions with objects, drawers
and cupboards. The full video is available from http://memoman.cs.tum.edu.

140

http://memoman.cs.tum.edu


SECTION 5.4 Summary

a) b) c) d)

FIGURE 5.11 Example frame from the kitchen sequence while placing a plate: a) original
image b) inner model c) outer model d) virtual 3D view with appearance model.

FIGURE 5.12 Screenshots from 4 of the 21 sequences in the TUM KITCHEN data set (one of
four camera views is shown). Each row features screenshots from another subject. The first
column is shown without model to depict the body shape and clothing of the subjects.
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FIGURE 5.13 Screenshots from a kitchen sequence featuring the joint action of two subjects
(1300 frames or 50 sec). Each column corresponds to one of the four camera views. The
two subjects perform the joint action of clearing the table and loading the dishwasher.
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CHAPTER 6

Learning Models of Human Motion
Environment-Specific Models for Prediction and Activity Recognition

So far we have presented a reliable system for tracking of human motions that is able to retrieve
fullbody motion data for arbitrary types of motion in natural environments. The capability to
observe any kind of motion is a direct consequence of our choice of a general motion model
that makes no assumptions about the direction or velocity of body part motions, other than
providing biomechanical upper bounds on inter- and intra-frame motion (Section 4.2). The
downside of using such a general motion model is the increased complexity of the estimation
task due to the vast high-dimensional state space, which requires the use of sophisticated
tracking algorithms (Sections 4.4 and 4.5) that are computationally demanding.

Learning-based approaches can provide alternative solutions to human pose estimation that
are often more efficient, with the limitation of being restricted to the trained set of motions.
Two prevalent research directions can be distinguished. The discriminative approach is to
learn a direct mapping from observed image cues (such as silhouettes, scale-invariant fea-

ture transform (SIFT) [91] or histogram of oriented gradients (HOG) [41] descriptors) to
body poses [63, 3, 156, 26, 28], which can provide accurate estimates, especially when us-
ing monocular vision. These methods are constricted to the types of features they have been
trained with and training has to be redone when transferring to environments with different
camera perspectives. The second strategy is to learn low-dimensional manifolds of the human
pose space to reduce the dimensionality of the problem [158, 157, 163]. Such low-dimensional
embeddings are also useful for exposing the underlying structure in the data, which is of po-
tential use in activity recognition.

While showing good performance with respect to known motions, the aforementioned meth-
ods have severe limitations when it comes to generalization, as it is almost impossible to ex-
trapolate motions outside of the training set. The problem is the high dimensionality of the
human pose space, which makes it infeasible to learn all possible motions beforehand. Al-
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though recent progress allows to extend the size of training sets to ∼105 exemplars [156, 26],
the problem of generating these exemplars remains. Often expensive marker-based motion
capture systems are used to acquire the pose representations by observing an actor performing
the requested motion. As an alternative, professional computer animation software such as
Poser [116] or Maya [95] is used to create realistic motion sequences. Both approaches are
tedious and require substantial manual processing and expertise.

In this chapter we present an integrated approach that combines our fully unconstrained
tracking system presented in the last chapters with an incremental learning algorithm that
is able to provide good predictions for already encountered motion snippets. The driving
idea behind our approach is that a motion capture system should learn to adapt to a specific
environment and to the specific activities and motions predominant in it (see Figure 6.1). With
time it will be able to predict common activities quickly and to render the full stochastic
search unnecessary. The system is fully unsupervised but can additionally be provided with
action labels. In such a case it not only provides a generative prediction but also a recognition
component for the observed motions.

a) b)

FIGURE 6.1 Visualization of environment specific motion patterns. This visualization from
our knowledge base shows body part trajectories in our kitchen environment for 2 subjects
and 7 sequences taken from the TUM KITCHEN data set (Section 5.3.3): a) for the pelvis
b) for the right hand. Images courtesy of Moritz Tenorth, TUM.

In Section 6.1.1 we will introduce a pose manifold that is represented as a weighted di-
rected graph, with each vertex corresponding to an observed pose including its most recent
temporal history. Path lengths between these vertices correspond to geodesic distances and
span a manifold inside the high-dimensional pose space. The graph and its creation resem-
bles techniques used in ST-Isomap [74], which has already been shown to be well-suited for
representing human motion capture data. We show in Section 6.1.2 how this representation
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is used to incrementally learn environment- and task-specific motion models, and how the
learned models are used to improve the predictive component of our human motion tracker.
In Section 6.1.3 we discuss how to use the same models for online activity recognition. We
evaluate the presented methods and concepts in Section 6.2.

6.1 Self-Training of Environment-Specific Pose Manifolds

The parameterization of human postures depends on the intended area of application and on
the models used. The dimensionality of these models typically ranges around 30 d.o.f. [46,
58, 6] for tracking tasks, but can easily exceed 60 d.o.f. [1] when using detailed biomechan-
ical models for analysis or simulation tasks. The model used in our thesis consists of up to
51 d.o.f. Using such models for unconstrained pose tracking results in a complex estimation
problem in a high-dimensional state space. However, the space of valid human poses is a
lower-dimensional manifold in this high-dimensional state space, as not all combinations of
parameters result in meaningful or physiologically realistic postures.

By learning this manifold, one could reduce the search space and additionally improve
the prediction of our motion model in Section 4.2. Unfortunately, the space of valid human
poses is still sufficiently large to make it infeasible to learn a manifold comprising all of them.
The common approach is therefore to learn a manifold based on training data of a subset of
relevant motions. These are usually acquired with marker-based motion capture systems or by
computer animation, which is both costly and time-consuming. In the end it often turns out
that the training motion is irrelevant for the current area of application, and the pose manifold
has to be retrained with a more specific set of motions.

Our approach is to start with an uninformed tracker that uses a general motion model and to
learn environment-specific models of motion through observation of ongoing activities in the
area of operation. Therefore, the learned pose manifold will correspond to relevant motions
for this particular environment. In our kitchen example this will include motions of picking
up and placing objects between the kitchenette and the table, and of opening and closing
cupboards and drawers in the environment (Figure 6.1). Sports trackers on the other hand will
learn the motion patterns corresponding to the observed exercises.

Several methods have been proposed for learning manifolds of human motion. Urtasun and
Fua [158] project training motions from the high-dimensional state space to a low-dimensional
manifold using principal component analysis PCA. Wang et al. [163] and Urtasun et al. [157]
use Gaussian process dynamical models to create a low-dimensional manifold with associated
dynamics. Jenkins and Matarić [74] propose a spatio-temporal extension to Isomap nonlin-
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ear dimensionality reduction [149] to learn such a manifold. All of these methods have in
common that they create a low-dimensional embedding of the pose manifold defined by the
training data. This embedding is designed to be globally consistent, which helps to visualize
the manifold and to uncover the underlying structure in the data. However, these global mod-
els of human motion come at a price. On the one hand, they are computationally demanding
(O(n3)) for GPDM and Isomap) which severely limits the size of the training sets, and on the
other hand, they tend to produce bad results when the training set consists of a large variety
of structurally different motions. The latter occurs when the intrinsic dimensionality of the
training data exceeds the dimensionality of the embedding, which makes it difficult to enforce
global constraints in the embedding.

As we are interested in improving the prediction of our motion model, we omit the pitfalls
of models that try to provide global embeddings of the training data. Instead, we create a
graph-based pose manifold that is locally consistent with the training data, which is sufficient
for our task. The strategy for improving the efficiency of our tracker is then to reduce the
diffusion variance of our estimation algorithm which will allow us to use fewer particles for
successful tracking. We can do so because of the informed prediction that will result in a
reduced search space due to better initial estimates during tracking. This strategy differs from
methods that track directly in the low-dimensional manifold space to take advantage of the
reduced dimensionality of the problem. We believe that our strategy is more flexible with
respect to extrapolation of poses from the training set and that it avoids the practical problems
associated with creating good embeddings of complex motion data.

We will now describe the relevant concepts of our environment-specific motion models in
more detail, starting with the graph-based representation used for learned pose manifolds,
then discussing how to learn these models incrementally and how to use them to improve our
prediction, and finally showing how they can be used for activity recognition.

6.1.1 Spatio-Temporal Neighborhood Graphs

Our aim is to create generative models of human motion that are able to predict likely follow-
up poses to the current pose estimate during recursive estimation. As mentioned previously,
many approaches have tried to improve prediction by learning motion models in terms of
low-dimensional embeddings of training poses [158, 157]. Such models are global in that
they process the full training set in one step to create a consistent embedding for all data
points. However, these global constraints can lead to loss of relevant details in the data when
compared to models that aim at local consistency of the data only [44]. While global models
do have many important applications, e.g. when trying to reveal structural dependencies in
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the data points, global consistency is irrelevant in models that are mainly used for near-term
prediction.

We propose a graph-based representation of human motion that is derived from ST-Isomap [74],
a spatio-temporal extension of Isomap [149]. Isomap (and also ST-Isomap) is an approach for
nonlinear dimensionality reduction that tries to estimate the intrinsic geometry of a set of data
points in three steps. First, it creates an undirected weighted graph that connects all data points
within a local neighborhood. In the second step, this graph is used to compute the all-pair-

shortest-path matrix for the data points, which incorporates the geodesic distances between
all data points. The final step is then to find a consistent lower-dimensional embedding that
preserves the relative distances between all data points as good as possible, which is computed
using multidimensional scaling (MDS).

In our work, we omit the calculation of the all-pair-shortest-path matrix and the embedding
using MDS, which are unnecessary steps when interested in local prediction. These steps only
serve to find a global embedding of the geodesic distance graph computed in the first step, and
do not add additional information (in contrast, information might be lost in these steps when
the dimensionality of the embedding is chosen too low). As a side effect, the computational
savings of omitting the second and third step allow us to use more data points, resulting in
a better approximation of the underlying manifold and thus in a better prediction. In detail,
the computation of the geodesic distance graph of n data points has time complexity O(n2),
whereas the computation of the all-pair-shortest-path matrix has a minimum time complexity
of O(n2 log n + ne) (with e corresponding to the number of edges in the graph) when using
Dijkstra’s algorithm with fibonacci heaps as priority queues, and MDS has time complexity
O(n3). We are thus able to reduce the computational costs associated with creating the pose
manifolds from cubic to quadratic time complexity.

Let us now describe the spatio-temporal neighborhood graph that we use to represent human
motion patterns in more detail. As in ST-Isomap, we use a directed graph structure instead
of an undirected one to model the temporal progression of human poses. Training data is
expected to arrive in chunks of sequential order. In a preprocessing step for the training data,
we remove all poses that are not sufficiently different from their predecessor to ensure that the
sequence of poses corresponds to actual motion. We do this by calculating the mean Euclidean
distance between corresponding body joints of both poses, and we remove all poses where the
mean distance is below 2 cm. This also helps to normalize the speed of motions to some
extent, as more frames will be removed during slow motions than during fast motions. After
this preprocessing step, we create a sequential graph of vertices from the remaining training
poses that is connected via directed edges from each vertex to its direct temporal successor.
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. . . i−6 i−5 i−4 i−3 i−2 i−1 i i+1 i+2 i+3 . . .

vi vi+1 vi+2 vi+3

FIGURE 6.2 Sequential creation of a spatio-temporal neighborhood graph. The graph is cre-
ated from an ordered temporal sequence of s poses (s = 7 in this example). One vertex is
created for each new pose and associated with a motion snippet based on the pose and its
direct temporal history. Directed edges are added to encode the succession of poses. Note
that the temporal windows encoded within each vertex are overlapping.

This process is illustrated in Figure 6.2. To capture the temporal structure of human motions,
we associate each vertex not only with its corresponding pose, but with a motion snippet
that consists of the pose and its short-term temporal history. Therefore, when computing the
similarity of vertices, the corresponding temporal windows are compared. As we create a
vertex for every pose in the training set, the temporal windows are overlapping (Figure 6.2). If
necessary one can compute weights for each edge based on the distance measure of the motion
snippets associated with the corresponding vertices. Although these weights are not needed
for the prediction as presented in Section 6.1.2, they can be useful e.g. when deciding to create
a global embedding of the graph structure.

As stated, each vertex vi is associated with a spatio-temporal motion snippet ς(i) that en-
codes a short-term motion pattern. It is these motion patterns that we compare when trying to
estimate the current motion to predict the next pose. Figure 6.3 shows some examples of mo-
tion snippets. As can be seen, it is relatively easy for humans to assess the current motion and
to predict the immediately following pose from these short pose sequences. Mathematically
we describe a motion snippet as a vector ς of body joint locations for s consecutive poses:

ς(i) =
(
ρ(i,−(s−1))T, . . . , ρ(i,−1)T, ρ(i,0)T

)T
(6.1)

ρ(i,j) =
(
τ
(i,j)
BEC

T
, . . . , τ

(i,j)
FIR

T
)T

; −s < j ≤ 0 (6.2)
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FIGURE 6.3 Examples of spatio-temporal motion snippets. Motion snippets encode short pat-
terns of human motion as a vector of 3D body joint locations of the current pose and its
short-term temporal predecessors (marked by the dots in the images). All coordinates are
relative to the origin of the current pose (i.e. its pelvis position), so that motion snippets
can be recognized independently of their absolute position.

Here, ς(i) represents the motion snippet for the i-th pose and is computed from poses in its
short-term temporal pose history, i.e. from all poses in the time interval [i−(s−1) : i ]. It is a
concatenation of the 28 body joint locations τ (i,j)

bp = (x
(i,j)
bp , y

(i,j)
bp , z

(i,j)
bp )T of each of these s

poses. The dimensionality d of a vector ς is thus d = 28 · 3 · s. Note that the superscript .(i,j)

of a parameter vector denotes the index i of the motion snippet and the relative index j ≤ 0 of
the pose inside its temporal window (j = 0 corresponds to the current and most recent pose).
The global index of a pose indexed in this way is therefore given as i+ j.

An important aspect of spatio-temporal motion snippets ς(i) is that they are encoded in co-
ordinates that are relative to the origin of the associated pose. In other words, all body joint
locations are given in the pelvis coordinate system H

(i)
BEC of the i-th pose. In this way, motion

snippets are independent of the position in the world at which they have been originally ob-
served. They become more flexible as they can be detected at any place with any orientation,
as long as the overall motion pattern is similar. This helps to improve the efficiency of the
training set by removing the necessity to store similar patterns occurring at different spatial
locations in the world. Note that all poses inside the temporal window of a motion snippet
share the same coordinate system, so that the relative spatial extent of a motion is preserved
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(thus the term spatio-temporal, see Figure 6.3). For each pose i + j that is part of the tem-
poral history of the pose i associated with a motion snippet ς(i), we can compute the relative
body joint locations τ (i,j)

bp in Equation 6.2 from its body part coordinate systems H
(i+j)
bp (see

Equation 3.2) as follows:

H
(i,j)
bp = H

(i)
BEC

−1
·H(i+j)

bp ; −s < j ≤ 0 (6.3)

H
(i,j)
bp =

(
R

(i,j)
bp

?
τ
(i,j)
bp

0 1

)
(6.4)

The relative body joint locations τ (i,j)
bp correspond to the translation part of the homogeneous

transformation matrix H
(i,j)
bp .

The distance measure dist(ς(i), ς(k)) for comparing the vector representation of two motion
snippets ς(i) and ς(k) is given as the mean Euclidean distance between all body joint locations
encoded in the vectors:

dist(ς(i), ς(k)) =
1

28·s

s−1∑
j=0

FIR∑
bp=BEC

‖τ (i,j)
bp − τ

(k,j)
bp ‖ (6.5)

The distance calculation based on the Euclidean distances of the joint locations in R3 is a nice
feature that gives us an intuitive measure for the similarity of two motion snippets. In Sec-
tion 4.6.1 we have evaluated the mean Euclidean joint errors and thus the achievable accuracy
of our tracking algorithm as approximately 2 cm. Thus we can assume that two motion snip-
pets with a comparable distance are very similar. Such an intuitive distance measure helps to
find good distance thresholds εsn to detect similarities between motion patterns.

So far the graph corresponds to a linear list, as we only insert edges to denote the temporal
succession in the training data. However, motion patterns frequently reoccur and we want to
detect these cases and reflect the structural similarities in the graph. Consider the case where
we observe a motion pattern several times in our training data, but the immediately following
motions differ. This could happen e.g. when observing several instances where a person moves
towards a table and prepares to grasp an object, but in one case the grasp is then performed
with the left hand, and in another one it is performed with the right hand. Our graph should
be able to capture these cases by providing multiple successors for the respective vertices. To
do so, we adopt the strategy used by Jenkins and Matarić [74] in ST-Isomap. They distin-
guish between two important types of neighborhood relations (Figure 6.4). Adjacent temporal

neighbors (ATN) are trivial relations where two poses are direct temporal neighbors. This
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spat_nbhd(vi)

vi−3
vi−2

vi−1
vi vi+1 vi+2

vj−3
vj−2
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vj+1

vj+2
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vk−2 vk−1 vk

vk+1
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FIGURE 6.4 Neighborhood relations in spatio-temporal neighborhood graphs. The neighbor-
hood relations for a vertex vi are defined by its spatial neighborhood spat_nbhd(vi) and the
temporal occurrence of vertices. Adjacent temporal neighbors (ATN) are trivial neighbors
as they correspond to the direct temporal neighbors on the current trajectory (green ver-
tices). Common temporal neighbors (CTN) are non-trivial neighbors that correspond to the
spatially closest point on each temporally distant trajectory that passes through the spatial
neighborhood spat_nbhd(vi) (red vertices).

relation is already captured by our initial graph creation. Common temporal neighbors (CTN)
are non-trivial neighbors that correspond to the spatially closest points on each temporally dis-
tant trajectory that passes through the spatial neighborhood of a vertex vi. To provide a formal
definition of CTNs, we first define the spatial neighborhood spat_nbhd(vi) and the temporal
neighborhood temp_nbhd(vi) of a vertex vi as follows:

vk ∈ spat_nbhd(vi) ⇔ dist(ς(i), ς(k)) ≤ εsn (6.6)

vk ∈ temp_nbhd(vi) ⇔ |i− k| ≤ εtn (6.7)

The spatial distance threshold εsn defines whether two motion snippets are sufficiently similar
to be spatial neighbors. In our experiments, we have set εsn to 5 cm. The temporal distance
threshold εsn defines whether two motion snippets are considered temporal neighbors, which
is the case when they were observed in short succession. We have set εsn to 25. The definition
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of CTNs for a vertex vi is then given as:

vk ∈ CTN(vi) ⇔ vk ∈ spat_nbhd(vi) (6.8)

and vk /∈ temp_nbhd(vi) (6.9)

and ∀vl ∈ temp_nbhd(vk) : dist(ς(i), ς(k)) ≤ dist(ς(i), ς(l)) (6.10)

To summarize, a vertex vk is a CTN of vi when they are spatially close (Equation 6.8) but
temporally distant (Equation 6.9), and when vk is the closest point to vi in its temporal neigh-
borhood (Equation 6.10). Two vertices are considered temporal neighbors when they are
separated by at most εtn frames. Whenever we detect CTNs, we connect the corresponding
vertices with edges in both directions to reflect their relation in the graph. Although it would
be slightly more accurate to connect each vertex with all the successors of its CTN, we prefer
to add only the minimal amount of edges necessary to the graph.

The idea to use graphs for representing human motion is far from new. Motion graphs as
introduced by Kovar et al. [84] are very similar in spirit and have been used in a generative
way to create realistic and controllable motion. Arikan and Forsyth [8] and Lee et al. [90]
have also shown related work on motion synthesis. Zhao and Yang [174] presented connected
neighborhood graphs for use in an incremental variant of Isomap. Yamane et al. [169] create
clusters of similar poses from sequential motion data and construct node transition graphs
between these clusters to recognize and synthesize motions.

Let us conclude this section with a short discussion of alternative representations for motion
snippets. We have already stated that we use the pelvis-relative representation of body joint
locations instead of absolute body joint locations in the world reference frame to decouple
motion patterns from their spatial occurrence. Independence of the spatial occurrence of a
motion is also given when directly comparing the joint angle representation as given in Equa-
tion 3.8. However, the Euler representation of joint angles is redundant and does not lend
itself to distance calculations. A better alternative is to use quaternions to represent the joint
rotations (see Kuffner [87] for a related discussion). The remaining problem with this repre-
sentation (and other representations based on relative orientations) is that the mean distance
values are deceiving in the case of articulated structures. Small distances can indicate both
a similar pose as expected but also a completely differing pose due to error accumulations.
Thus, we believe it is best to use absolute values that share a local reference frame, as is the
case in our representation.
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6.1.2 Incrementally Learned Motion Patterns for Improved Prediction

The spatio-temporal neighborhood graphs as presented in the last section can be used to pre-
dict poses based on the currently observed motion. One advantage of using spatio-temporal
neighborhood graphs when compared to global embeddings of training poses is that they are
well suited for incremental construction. Whenever new pose data arrives in sequential order,
we can append the vertices to the graph and connect all CTNs (see Section 6.1.1). Further-
more, due to the comparably low computational complexity of O(n2) (which can be reduced
even more when using approximate nearest-neighbor methods), the graph can grow quite big
without becoming computationally intractable. We will now show how to combine this graph-
based representation of human motion with the unconstrained tracking algorithm presented
in Chapter 4 that has been proven to be effective in tracking arbitrary and unknown motions.
By doing so we can improve the efficiency of our pose tracking algorithm in an unsupervised
fashion and without the need for explicitly provided training data.

During the recursive estimation of human poses, we need to predict the pose for the current
timestep based on the last pose estimate. In Section 4.2 we have presented a general motion
model that predicts the new pose by adding random diffusion with body-part dependant vari-
ance to the last pose estimate. The variance of the diffusion must be large enough to capture
fast movements in any direction. A more informed solution would be to add the random dif-
fusion to a prediction of where the current pose is expected to be. When we can assure that
this prediction is closer to the requested pose than the last pose, we could reduce the variance
of the diffusion without sacrificing estimation accuracy. Therefore, we want to replace the
uninformed motion model from Section 4.2 with a learned motion model whenever possible.

Assuming that we have already observed some motion snippets and incorporated them into
our graph structure, we can distinguish between 3 relevant cases during each timestep of the
estimation:

1. No motion is detected, i.e. the subject does not move.

2. An already known motion is observed.

3. An unknown motion is observed.

We treat these cases differently. Whenever no motion is observed at all, we can skip the
estimation and just assume the last pose is still valid. Alternatively, we could perform one
estimation step with very low variance to refine the last estimate. When we detect a familiar
motion pattern that we have already learned, we can use this knowledge to create a potentially
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accurate prediction and then perform an estimation step with low variance to refine our pre-
diction. Whenever we observe a motion pattern that we cannot assign to any of the learned
motion snippets, we have to stick to our unconstrained tracking algorithm with full variance
from Chapter 4. We can then however incorporate the new pose estimate into the graph to
extend our trained motion model, in case a similar pattern will be observed in the future.
Algorithm 6.1 sketches the computational steps that are needed for improving human pose
tracking with self-trained motion models.

Algorithm 6.1 Human pose tracking with self-trained motion models.
1: if NoMotionDetected() then /* 1. No motion */
2: RunTrackerMinimalV ariance()

3: else
4: ςc = GetCurrentMotionHistory()

5: predicted_poses = ∅
6: for all vi do
7: if dist( ςc, GetMotionSnippet(vi) ) ≤ εsn then
8: predicted_poses = predicted_poses ∪ GetSuccessors(vi, maxdepth)

9: end if
10: end for
11: if predicted_poses 6= ∅ then /* 2. Known motion */
12: ClearParticleSet()

13: AddToParticleSet(GetCurrentPose() )

14: AddToParticleSet( predicted_poses )
15: UpdateParticleWeights()

16: RunTrackerLowV ariance()

17: else /* 3. Unknown motion */
18: RunTrackerFullV ariance()

19: UpdateGraph(GetCurrentMotionHistory() )

20: end if
21: end if

We start by testing whether motion is observed at all to catch the first case mentioned above.
For this test we implemented a simple but effective change detection algorithm that takes the
current and last images as input. From these we calculate difference images based on the
pixelwise absolute difference between consecutive images (converted to greyscale). We then
count all pixels whose absolute difference is greater than a threshold εad (we used εad = 50

throughout). Whenever this pixel count is below another threshold εpc (we used εpc = 30

in the kitchen sequences, but this has to be selected according to the image resolution), we
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assume that no motion has occurred between the current and last frame. In these cases we run
our tracker with a minimal variance and particle count (we use a 6th of the particles and the
variance).

In cases where motion has been observed, we first compute the motion snippet ςc corre-
sponding to the current motion history (line 4 of Algorithm 6.1). For this we take the recent
history of poses estimated by the tracker and create the motion snippet based on the last s
poses according to Equations 6.1 to 6.4. In accordance with the preprocessing step before the
creation of neighborhood graphs (Section 6.1.1), we filter all poses from the history that are
not sufficiently different from their temporal successor. This results in an approximate tempo-
ral normalization of the observed motion. Whenever the history of poses is too small to create
a motion snippet of size s, we fill the missing poses with duplicates of the oldest available
pose.

Once the current motion snippet ςc has been calculated, we look for corresponding motion
snippets in our neighborhood graph (lines 5 to 10). Whenever we find a vertex vi whose
corresponding motion snippet differs from our current motion snippet by at most εsn, we
add the pose associated with this vertex to a set of predicted poses. Additionally, we add
all poses associated with the successors of vi up to a traversal depth of maxdepth to this
set (we have been using maxdepth = 3 in our experiments). The reason for this is that we
want to provide several likely options to increase our chances of hitting a good prediction.
Note that all predicted poses have to be transformed such that the relative motion between the
matching vertex vi and the predicted successor of vi is added to the base pose of the current
estimate. This is done by changing the base transformation H

(p)
BEC (i.e. the 6 d.o.f. pose in world

coordinates) of the predicted poses as follows:

H
(p)
BEC

′
= H

(c)
BEC ·H

(i)
BEC

−1
·H(p)

BEC (6.11)

Here, H
(c)
BEC corresponds to the base pose of the current estimate and H

(i)
BEC to the base pose

of the matching vertex vi. Effectively, Equation 6.11 aligns the pelvis positions of the current
estimate and vi and adds the relative motion to the predicted successor. Also note that the time
complexity of the correspondence search is linear with the number of vertices in the graph.
Usually, this is not a problem unless the graph would grow beyond millions of vertices. In such
cases, one could use approximate nearest-neighbor methods to find good matches in sublinear
time [103]. For instance, one could restrict the correspondence search to the close proximity
of the vertices that have been detected as matches in the previous timesteps.

When we have found corresponding vertices for the observed motion in our graph, i.e. the
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set of predicted poses is not empty (line 11), we create a new particle set that incorporates these
predicted poses. The new particle set combines the current pose estimate (line 13) with the
set of predicted poses (line 14). We then perform one update step with the observation model
presented in Section 4.3 to calculate weights for each of the particles according to the current
observation (line 15). As the first step during BIHS tracking will be a weighted resampling
of the particle set, good predictions will multiply in the particle set while bad predictions will
be eliminated. Using this particle set, we then run a BIHS step of our tracker with reduced
variance and particle count (we use a 4th of the particles and the variance). We can afford these
computational savings compared to our unconstrained tracking due to the informed prediction
of our motion model.

It should be noted that recognizing a common motion history does not guarantee that there
will be a common future. However, we observed that motions do not deviate instantly, but
rather over a short period of time. The reduced variance tracker is able to account for these
incremental deviations until the motion history eventually differs from all known motion pat-
terns, and we cannot provide good predictions anymore.

When the current motion does not match our trained data we switch to unconstrained track-
ing, i.e. we proceed with a regular BIHS step with full variance and the full particle count as
presented in Section 4.5 (line 18). After the new pose has been estimated, we use it to update
the graph, so that new motions are incrementally added to our motion model (line 19). We
do this only if the new pose is sufficiently different from the last pose. Then, a new vertex
is created from the updated motion history and connected to the graph. We keep track of the
current position in the graph where the new vertex has to be inserted. When the last tracking
steps have also been uninformed, we connect the vertex with the previously inserted vertex.
If we have been tracking a known motion sequence however, and the new vertex is the first
estimate that differs from a series of predicted poses, we connect the new vertex with the ver-
tex that won the last prediction (we keep track of this in the particle set). Finally, to prevent
the new motion to be immediately recognized as a correspondence in the following timesteps,
we buffer newly created vertices and add them to the graph with a short delay of about 2 sec
of recorded video. After that, repeated occurrences of similar motion patterns are likely to be
detected in our graph, as our motion model gradually improves its predictive capabilities.

6.1.3 Online Activity Recognition

So far in this thesis we have shown how to automatically observe complex human activities in
everyday environments. We are able to retrieve the sequence of pose parameters of a human
model as a mathematical description of the observed motion. Such a representation is well-
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suited for tasks such as animation of virtual characters, collision detection during human-robot
interaction, or imitation learning in humanoid robotics. However, this description of human
motion lacks the semantics that would allow us to automatically interpret the observed actions
or activities and to reason about intentions at a higher level. Providing semantic labels to each
frame is the task of activity recognition.

In our previous work on human activity recognition [125, 126] we have taken a discrimi-
native and approach where we learned a direct mapping between observable image features
and activities using support-vector-machines (SVM). As features we have used global-point-

feature-histograms extracted from space-time-shapes [25, 170, 62]. Space-time-shapes cor-
respond to 3D shapes that have been created by stacking extracted foreground silhouettes in
temporal direction (Figure 2.8). Other discriminative approaches use holistic features such as
silhouettes [27], edge images [164] or optical flow fields [48]. All of these methods have in
common that they skip the intermediate estimation of human model parameters and operate di-
rectly on image features extracted from the cameras. While this is a fast and elegant approach,
the downside is that image plane features are dependant on the viewpoint. The space-time-

shapes used in our earlier approaches e.g. change completely when recorded from a different
angle. Thus, activities in everyday environments can only be recognized well when they are
performed at a global orientation that is comparable to that of the training data. Furthermore,
model-free approaches to human activity recognition often fail to capture subtle nuances in
the motions that happen to be important when observing e.g. everyday manipulation tasks. As
a result, such approaches are mostly effective when dealing with clearly distinct actions such
as punching, kicking or jumping jack, which is reflected in the benchmarks commonly used
for evaluation [128, 25].

Another class of methods for activity recognition is model-based, where the parameters used
for classification are joint angles or joint positions of articulated human models [133, 88]. The
advantage of these methods is that the parameters are invariant to translation, scale and rota-
tion. Furthermore, model-parameters better capture the characteristics of human movements
especially when it comes to subtle variations. However, due to the difficulty in estimating the
motion parameters, almost all methods presented to date use input data recorded by marker-
based motion capture systems, which reduces the flexibility of these approaches.

We can use the learned graph structure and our representation of motion snippets to perform
activity recognition directly on the motion data retrieved by our markerless tracker. Assuming
that a semantic label has been assigned to each motion pattern, we can simply recover the
labels whenever we detect a corresponding motion snippet for the current motion history ςc
during tracking. In detail, we are assigning the semantic label that corresponds to the best
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matching vertex vi (respectively the vertex that won the prediction according to Section 6.1.2
when there are several matching vertices). If no good matches were found, i.e. when the
distance of the best matching vertex vi exceeds the threshold εsn, we can still use the label
assigned to vi for activity recognition. The reason behind this is that while we need precise
matches of the motion history to provide an accurate prediction, activity recognition is less
demanding when it comes to the quality of the match. A good solution is to choose a less
restrictive value for the threshold εsn (e.g. 3× the value accepted for prediction) and otherwise
classify the activities as unknown.

We will present experimental results on activity recognition in Section 6.2.3 to show the va-
lidity of our straightforward extension. Note that although we use a simple nearest-neighbor
classification in our work as a proof-of-concept, future work will involve the use of graphical
models such as hidden markov models (HMM) or conditional random fields (CRF) to incor-
porate transition probabilities between activity states. These extensions should be straightfor-
ward given the information contained in our learned graphs. We believe however that tempo-
ral aspects of human actions are to some extent already captured in the motion snippets due
to their spatio-temporal design that incorporates the recent pose history. More sophisticated
methods should nonetheless include additional context such as information about objects be-
ing manipulated or the state of the environment to further improve recognition rates [150].

6.2 Experimental Evaluation

We will now present several experiments to evaluate the impact of our improved motion mod-
els and their performance when used for activity recognition. In all of our experiments we
have used the BIHS strategy with 800 particles and 10 initial layers as described in Section 4.5.
When tracking with low variance due to the availability of a learned motion correspondence,
only 200 particles with 4 initial layers were used, and the biomechanical intra-frame variances
from Section 3.3.2 have been reduced by a factor of 4. The length s of the temporal motion
history has been set to s = 7.

6.2.1 Self-Trained Motion Models on the HUMANEVA 2 Data Set

In our first experiment we have evaluated the self-training capacity of our proposed motion
model. We have chosen to use the HUMANEVAII S4 sequence due to the availability of
ground-truth data that makes it possible to evaluate qualitative aspects of our method. Fur-
thermore, the sequence consists of three different classes of repetitive actions that make it
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well-suited for evaluating our incremental learning strategy. During the first 380 frames of
this sequence, the subject is walking slowly in a circle, before accelerating into a running mo-
tion that lasts until frame 820. The final segment consists of a random exercise that shows no
clear repetitive patterns.

This experiment is a repetition of the experiments in Section 4.6.2, but this time we replaced
the general motion model from Section 4.2 with our self-training motion model as described
in Section 6.1.2. No training data has been provided for this sequence, i.e. the tracking started
with an empty neighborhood graph that was incrementally growing as new motions were
estimated.

FIGURE 6.5 Screenshots from the HUMANEVAII S4 sequence when using incrementally
learned motion models for improved prediction. The detected motion snippet correspon-
dences (greyscale) have been trained earlier in the sequence and increase the computational
efficiency when dealing with previously observed motions. The tracker first learns a se-
quence of motion snippets corresponding to walking, and later a sequence corresponding to
running (see also Figure 6.6). As can be seen, motion snippets are detected independently
of their absolute position, which increases detection rates and improves motion prediction.

Figure 6.5 shows some examples from the processed sequence where the self-trained motion
model was used to predict the motion for the next timestep. The final pose estimate is shown
in blue, whereas the learned motion snippet that was used for prediction is shown in greyscale,
with the temporally preceding poses fading to black. Due to the incremental learning of our
motion model, the detected motion snippets correspond to motion patterns that occurred earlier
in the same sequence. As can be seen, the global occurrence of the pattern is not encoded in our
motion snippet representation. This allows us to detect matching patterns independent of the
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location they have been observed at, which increases the detection rates for correspondences
and reduces the redundancy of motion snippets stored in the graph.
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FIGURE 6.6 Errorplot, timingplot and learned motion graph for the HUMANEVAII S4 se-
quence when using incrementally learned motion models for improved prediction: a) the
errorplot shows constant accuracy over the whole sequence b) the timing plot shows the
improved efficiency of our tracker once models of the walking and running motion have
been learned c) a 2D visualization [171] of the learned motion graph (715 vertices, 1617
edges) shows the clear separation between the walking, running and exercise motions, indi-
cating its potential use for motion segmentation and action recognition. Note that the graph
has been self-trained without any prior information on the motion.

We have analyzed the processed sequence in detail to see how our new motion model influ-
ences the quality of the pose estimates and the computational efficiency of our tracker. Fig-
ure 6.6a shows the errorplot with the mean Euclidean joint errors for our pose estimates that
has been computed from the ground-truth data. The quality is comparable to that of our previ-
ous experiments in Section 4.6.2 and shows a constantly low mean error of slightly above 5 cm
(this includes a systematic error due to different relative joint positions between the ground-
truth and our model). We did not expect the quality to improve when using the learned motion
models, as the parameters of our tracker are set such that they are able to retrieve accurate
estimates even in the uninformed case. Instead, we expect that the computational efficiency of
our tracker improves once it can access the learned motion patterns. As shown in Figure 6.6b,
this is exactly what happens once motion snippets for the walking motion and for the run-
ning motion have been self-trained by the model. When no correspondences are found, the
estimation time per frame is around 15 sec. This changes once motion correspondences are
detected and the tracker is able to switch to low-variance mode. In these cases, estimation
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time drops to around 2.5 sec per frame. When transitioning from walking to running, and later
from running to the exercise motion, the new motion patterns force the tracker to switch to the
general motion model until the new motions have been trained and added to the graph. Due to
the random nature of the exercise at the end of the sequence, only a few correspondences are
found and most of this segment has to be processed using the general motion model. Overall,
40.1% of the frames in the sequence have been processed at less computational expense due
to the self-training of the repetitive motion patterns.

The immediate loss of motion snippet correspondences when transitioning from walking
to running and from running to exercise indicates that these motions show strong stylistic
differences. In Figure 6.6c we have plotted the spatio-temporal neighborhood graph in two di-
mensions to see if these differences are reflected in the structure of the graph. As can be seen,
both the walking and the running segments are directly recognizable when looking at the visu-
alization. All edges that connect CTNs are restricted to the respective subgraphs that contain
all vertices for either the walking or the running motion. These two subgraphs are connected
by just a bridge. The vertices corresponding to the exercise motion are less distinctive due to
the non-repetitive pattern of the exercise. The visualization shows that spatio-temporal neigh-
borhood graphs have the potential to be used for motion segmentation or activity recognition,
as structural similarities are reflected well in the graph.

6.2.2 Improved Prediction on the TUM KITCHEN Data Set

In a next step, we have evaluated our strategy of learning environment-specific motion models
to improve the prediction and thus the computational efficiency of our tracker in a series of ex-
periments on the TUM KITCHEN Data Set. This data set has been introduced in Section 5.3.3
and consists of several instances of table setting tasks performed by different subjects. The
activities are more complex than in the HUMANEVAII Data Set and feature a variety of manip-
ulation actions that involve objects and dynamic parts of the environment such as cupboards
or drawers. We have trained the motion model using the motion capture data collected with
our BIHS tracker as described in Section 5.3.3.

In Figure 6.7 we show some examples of typical matches retrieved during tracking. In this
case we have trained our model with sequence 1-5 which corresponds to a long sequence
(6505 frames) of repetitive pick and place actions in the kitchen. The learned motion model
was then used to test the prediction on sequence 1-0. Again, the original training correspon-
dences are shown in greyscale and the final pose estimates are shown in blue. One striking
observation made in this kitchen environment is that a lot of similar motion patterns are repeat-
edly detected at different spatial locations. As an example, the motion patterns for opening a
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FIGURE 6.7 Screenshots from a kitchen sequence with corresponding motion snippets used
for prediction. The trained motion snippets are shown in greyscale, with darker parts cor-
responding to temporally preceding poses. Motion snippets are detected independently of
their absolute position, which increases detection rates and improves motion prediction.

cupboard are exchangeable for most of the overhead cupboards, as only the base position of
the person varies. The motion patterns for taking or putting down objects are also remarkably
similar regardless of whether they have been observed at the table or at the kitchen.

We also evaluated the influence of the size of the training set on the predictive capabilities
of our motion model. For this, we have taken five sequences of the same subject (1-0 to 1-4)
and incrementally evaluated the results for tracking sequence 1-1 to 1-4 with motion models
learned on all preceding sequences (i.e. sequence 1-1 trained with 1-0, 1-2 trained with 1-0 and
1-1 etc.). Thus, the size of the training set for evaluating sequence 1-1 is only about a quarter
of the size used for evaluating sequence 1-4. All of the sequences consist of table-setting
activities, although the order of the subactions is not fixed. Figure 6.8 depicts the timing plots
for each of these 4 test runs. As can be seen, the largest part of all frames could be processed
with reduced variance and particle count due to detected motion correspondences between the
sequences. In numbers, 84.2% of the frames in sequence 1-1, 79.1% in sequence 1-2, 80.8% in
sequence 1-3, and 89.0% of the frames in sequence 1-4 could be processed more than 4 times
faster. As it seems, the size of the training set does not necessarily lead to better detection
rates. Although the best results were achieved with the largest training set, sequence 1-1 with
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FIGURE 6.8 Processing times per frame for the TUM KITCHEN Data Set when using learned
motion models for prediction. Shown are the processing times in seconds per frame for
a) sequence 1-1 (trained with sequence 1-0) b) sequence 1-2 (trained with sequences 1-0
and 1-1) c) sequence 1-3 (trained with sequences 1-0, 1-1 and 1-2) and d) sequence 1-4
(trained with sequences 1-0, 1-1, 1-2 and 1-3). Blue values correspond to frames where no
reliable prediction could be made and the tracker switched to unconstrained mode.
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the smallest training set came of second best. Therefore, even small training sets seem to
improve the efficiency of the tracker significantly.

The overall quality of the pose estimates during all our experiments has been on par with our
previous method that does not make use of learned motion models. The informed prediction
makes it possible to compensate for the reduced particle count and the lower inter-frame vari-
ances. Note that when using the same low-variance sampling with reduced particle count but
without the improved prediction given by the learned motion models, the tracking results are
significantly worse and even fail without recovery during fast turning motions of the subjects.
Using the learned motion models on the other hand, tracking results are accurate and free of
errors except for occasional problems with the arms. As noted in Section 5.3.3, these problems
mainly occur when subjects reach into the rightmost cupboard with their right hand, due to a
blind spot not covered sufficiently by our camera setup. Unfortunately, the trained models of
these actions were unable to correct these problems as one would have expected. This seems
to be due to the fact that the low-variance tracking step performed after an informed prediction
is sufficient to pull away the final estimate from a correct prediction in cases where the global
maximum of our weight function does not correspond to the ground-truth pose, i.e. the obser-
vations are misleading. Omitting the low-variance tracking step does not help either, as this
would result in a reduced overall accuracy of our tracker. We plan to further investigate this
issue in our future work so that the learned motion models will not only be used to increase
the computational efficiency of our tracker, but also to improve the quality in such difficult
cases.

Note that the computational overhead of finding good predictions in the learned graph is
negligible when compared to the costs of the particle evaluations. The largest graph structure
created during our experiments (trained with sequences 1-0, 1-1, 1-2, 1-3 and 1-5) consisted
of more than 13440 vertices, and the (exact) correspondence search took around 70 ms per
frame. This is by far outweighed by the computational savings of the improved prediction.

6.2.3 Activity Recognition on the TUM KITCHEN Data Set

As discussed in Section 6.1.3, spatio-temporal neighborhood graphs are not only useful to
improve the prediction of human motions, but they are also well-suited for activity recognition.
We will now show some results on activity recognition for the sequences 1-1 to 1-4 of the
TUM KITCHEN Data Set. The results have been derived from the same experiments that are
described in Figure 6.8.

Although one could use fully unsupervised methods that segment observed motions into
several clusters and then assign labels to each of these clusters, we will assume that the training
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sets have been labeled in advance. In the TUM KITCHEN Data Set, we have provided ground-
truth labels for the actions of the left hand, the right hand, and the trunk. The labels are
provided separately to take into account the high degree of parallelism that is common in
the observed activities. Often, one hand is opening a cupboard door, while the other one is
reaching towards a cup, and while the body is still moving towards the cupboard. Details
about the exact semantics of the labels and the corresponding ontologies are given in [150].

Each of the sequences 1-1 to 1-4 in the following experiments corresponds to one observed
instance of a table setting task of the same subject. The table setting activity can be further
segmented into several subactions, such as taking something, carrying something, or putting
down something. These subactions match the granularity of the semantic labels. Note that we
make no assumptions about the frequency or temporal succession of observed actions. The
motion models for each of our test sequences have been trained with other instances of table
setting activities from the same subject (sequence 1-1 has been trained with sequence 1-0;
sequence 1-2 has been trained with sequences 1-0 and 1-1; sequence 1-3 with sequences 1-0,
1-1 and 1-2; sequence 1-4 with sequences 1-0, 1-1, 1-2 and 1-3). Semantic labels for each
frame of the test sequence have then been assigned during the pose estimation by retrieving
the labels of the best-matching motion snippets, as described in Section 6.1.3.

Figures 6.9, 6.10a and 6.10b show the resulting confusion matrices for the left hand, the
right hand, and the trunk labels of the tested sequences. As can be seen, most of the re-
trieved labels are assigned correctly to the ground-truth labels. Typical confusions for the left
hand actions include reach that is often misclassified as idle carry (which corresponds to a
catch-all class), and the open drawer and close drawer actions that are frequently confused.
Furthermore, the release action is often falsely classified. For the right hand actions, the most
common errors include take which is misclassified as reach, release which is misclassified
as put, and put and reach which are misclassified as idle carry. We have investigated these
confusions by comparing the motion snippets corresponding to the falsely assigned labels, and
have found some typical causes for the misclassifications. First, the semantic labels take into
account the handling of objects, e.g. the reach, take, put and release labels implicitly assume
that an object is being manipulated. However, as we only compare the motion patterns of
a human without taking into account any object detections, these actions cannot always be
clearly distinguished. In addition, take actions always follow immediately after reach actions,
and release actions follow immediately after put actions. Because the transitions are seamless,
this is a common cause of confusion. Another problem is that the temporal extent of motion
snippets is far shorter than the extent of the labeled actions. Thus, it can happen that similar
motion snippets are observed for different actions. As an example, the open drawer and close
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FIGURE 6.9 Confusion matrices for activity recognition on the TUM KITCHEN Data Set.
Shown are the matrices for the left hand labels of sequence 1-1 (trained with sequence 1-0),
sequence 1-2 (trained with sequences 1-0 and 1-1), sequence 1-3 (trained with sequences
1-0, 1-1 and 1-2) and sequence 1-4 (trained with sequences 1-0, 1-1, 1-2 and 1-3).

drawer actions share similar motion patterns. When opening, the pattern corresponds to reach-
ing for the drawer and pulling it out. When closing, it corresponds to pushing the drawer and
retracting the arm. Both actions share the almost identical motion pattern of moving the arm
forward then backward again (once with and once without the drawer handle being grasped).
To be able to distinguish between these actions, it would be necessary to model the temporal
succession of motion snippet detections (e.g. using HMMs), or to add complementary sensor
input from RFID readers (for object detections) or magnetic sensors (for detecting the states
of cupboards or drawers). Note that the observed confusions are irrelevant when using the mo-
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a) b)

FIGURE 6.10 Confusion matrices for activity recognition on the TUM KITCHEN Data Set.
Shown are the matrices for a) the right hand labels and b) the trunk labels of sequence 1-1
(trained with sequence 1-0), sequence 1-2 (trained with sequences 1-0 and 1-1), sequence
1-3 (trained with sequences 1-0, 1-1 and 1-2) and sequence 1-4 (trained with sequences
1-0, 1-1, 1-2 and 1-3).

tion snippets for prediction, due to the similar motion patterns that result in similar predictions
for the tracker.

In addition to the confusion matrices, we also provide precision and recall rates for all
action labels. These are given in Table 6.1 for the left hand, in Table 6.2 for the right hand,
and in Table 6.3 for the trunk labels. Precision and recall rates are defined as follows:

precision =
TP

TP + FP
; recall =

TP

TP + FN
(6.12)

The precision rate is a measure of the exactness of the classification and is defined as the
ratio of true positives TP to all detections of a class (i.e. the sum of true positives TP and
false positives FP ). The recall rate is a measure of completeness that states how many of
the possible detections have been correctly classified. This corresponds to the ratio of true
positives TP to the number of all frames in the test sequence that belong to the respective class
(i.e. the sum of true positives TP and false negatives FN ). The overall precision and recall
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Sequence 1-1
Precision | Recall

Sequence 1-2
Precision | Recall

Sequence 1-3
Precision | Recall

Sequence 1-4
Precision | Recall

Close Cupboard 74.1% 55.6% 90.0% 55.5% 91.3% 67.1% 69.4% 54.8%

Close Drawer 59.8% 92.4% 85.0% 58.6% 79.5% 89.2% 68.3% 66.2%

Idle Carry 96.3% 98.7% 97.8% 98.3% 92.9% 97.1% 97.5% 98.4%

Open Cupboard 82.4% 81.1% 72.4% 95.9% 83.5% 100.0% 74.1% 97.7%

Open Drawer 87.9% 71.9% 63.2% 80.6% 83.3% 83.3% 83.3% 85.3%

Reach 63.3% 54.8% 66.3% 77.2% 62.3% 71.1% 75.3% 77.1%

Release 75.0% 65.9% 82.9% 48.6% 85.7% 54.5% 85.4% 43.8%

Overall 89.6% 89.6% 90.1% 90.1% 87.6% 87.6% 91.1% 91.1%

TABLE 6.1 Precision and Recall rates for the left hand labels.

rates given in the tables are computed by summing up the true positives, false positives and
false negatives over all classes before calculating the overall rates according to Equation 6.12.
Note that this results in identical values for the precision and the recall rates, as each FP

belonging to one class will always correspond to a FN of another class. Thus, the overall
values can be considered a general score for the accuracy of the classification. For the left hand
labels, we achieved accuracies of around 90%. For the right hand labels, the accuracies have
been around 82%, and for the trunk labels around 86%. Given the complex set of manipulation
activities and the subtle differences between the corresponding motion patterns, we believe
that these results are quite promising. As discussed, we expect a further boost of classification
rates when considering transition probabilities (e.g. by using HMMs) or when incorporating
complementary sensor data. Note that we considered every frame of the test sequence when
calculating the precision and recall rates by selecting the semantic label associated with the
best-matching motion snippet. This is in contrast to the calculation of the diffusion matrices,
where we only considered frames whose best-matching motion snippet was good enough to
be used for prediction (i.e. its distance to the current motion history was below εsn). This is
a good indication that activity recognition still works well even when the training data would
be unsuited for accurate predictions of human motion.

The experiments presented so far have been trained and tested on the same subject. We
also tested how well activity recognition works when the subject differs between the training
sequences and the test sequence. To do so, we have performed another evaluation where we
used sequence 1-7 of subject S03 from the TUM KITCHEN Data Set as a test sequence. The
motion model has been trained using sequences 1-0 and 1-5 of subject S01. It should be noted
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Sequence 1-1
Precision | Recall

Sequence 1-2
Precision | Recall

Sequence 1-3
Precision | Recall

Sequence 1-4
Precision | Recall

Idle Carry 91.9% 88.3% 90.0% 90.5% 93.8% 82.9% 92.0% 84.0%

Put 86.7% 84.5% 81.5% 86.8% 73.4% 90.8% 73.6% 91.7%

Reach 61.5% 81.3% 49.3% 77.2% 59.0% 86.5% 67.8% 77.1%

Release 73.2% 86.2% 77.0% 71.9% 53.8% 64.8% 69.9% 76.4%

Take 71.3% 86.2% 87.4% 41.3% 67.1% 66.3% 53.7% 50.7%

Overall 82.8% 82.8% 82.4% 82.4% 81.3% 81.3% 80.5% 80.5%

TABLE 6.2 Precision and Recall rates for the right hand labels.

Sequence 1-1
Precision | Recall

Sequence 1-2
Precision | Recall

Sequence 1-3
Precision | Recall

Sequence 1-4
Precision | Recall

Walking 88.6% 80.6% 83.9% 89.8% 89.4% 82.7% 87.9% 85.3%

Standing 80.8% 88.8% 89.7% 83.7% 83.1% 89.6% 86.6% 89.0%

Overall 84.5% 84.5% 86.7% 86.7% 86.1% 86.1% 87.2% 87.2%

TABLE 6.3 Precision and Recall rates for the trunk labels.

that the two subjects differ in body height by about 25 cm and that their style of motion is
very different. To normalize the motion patterns, we have performed all calculations of the
body joint locations of each motion snippet based on a mean human model as computed in
Section 3.2. Figure 6.11 shows the corresponding confusion matrices where the best-matching
label has been assigned to each frame. As expected, the confusions are much more evident
than in the single subject experiments. Still, the overall precision and recall rates for this
cross-subject evaluation amount to 74.0% for the left hand actions, 78.8% for the right hand
actions, and 76.7% for the trunk actions. None of the detections were good enough to be
used for improving the prediction of our motion tracker though, i.e. the best matches were
constantly above our distance threshold εsn. We take these results as an indication that it is
best to learn person-specific motion models and to switch between these models based on an
external recognition component. Alternatively, it should be possible to mix motion patterns of
different subjects in a single spatio-temporal neighborhood graph, but further investigation is
needed to evaluate all implications of this strategy.

169



CHAPTER 6 Learning Models of Human Motion

a) b)

c)

FIGURE 6.11 Confusion matrices for cross subject activity recognition on the TUM KITCHEN

Data Set (sequence 1-7 of subject S03). The motion model has been trained with sequences
1-0 and 1-5 of subject S01. Confusion matrices are shown for a) the left hand b) the right
hand and c) the trunk labels. Note that the training and test subjects differ in body height
by approximately 25 cm and that their motion patterns seem highly dissimilar.

6.3 Summary

In this chapter we have shown how environment-specific motion models can be used to im-
prove the efficiency of our human motion tracker without loss of accuracy. These motion
models are learned incrementally in an unsupervised manner using the general but inefficient
motion model from Section 4.2. Over time, the tracker adapts itself to the environment and
improves its ability to predict and recognize motions and activities that are typical for this
environment.

Observed motions are stored in a spatio-temporal neighborhood graph to create a manifold
of poses relevant to a specific environment. This directed graph represents poses as motion
snippets that correspond to the pose and its short-term temporal history. Therefore, similar
poses can be discriminated by their spatio-temporal context. Learned motion snippets are de-
tected independently of their spatial location, which increases the efficiency of the training
data without the need to store redundant information. Spatio-temporal neighborhood graphs
are directly related to ST-Isomap [74], which has already been shown to be an effective repre-
sentation of human activities.

The self-trained motion models are used to improve the prediction of our tracker which

170



SECTION 6.3 Summary

allows us to switch to a low-variance tracking mode that requires less particles to achieve
the same high-quality estimates as our uninformed tracker. Whenever unknown motions are
observed, we switch back to our general but less efficient tracker. The new estimate is then
used to update the motion model to improve the prediction in the case of repeated future
observations. The efficiency of this scheme has been evaluated in several experiments on the
HUMANEVAII Data Set and the TUM KITCHEN Data Set.

Finally, we have shown that our learned motion models are well-suited for activity recogni-
tion. This has been demonstrated on our challenging TUM KITCHEN Data Set where we have
achieved recognition rates between 80% and 90% percent (75% in the case of cross-subject
recognition). Activity recognition works well even with comparably small training sets, and
we believe that potential for further improvements is given by incorporating complementary
sensor data from RFID readers or magnetic sensors. Such data can add valuable information
about the state of objects and the environment, which helps to put the observed motion pat-
terns into context. The semantic labels retrieved for each frame during activity recognition
finally allow us to not only observe human motions, but to interpret them and to reason about
ongoing human activities.
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CHAPTER 7

Conclusion

In this thesis we have presented our approach on automated observation and interpretation
of human activities. We will now conclude with a brief summary of our contributions and a
discussion of open problems and promising future work.

7.1 Summary

The ability to understand human behavior and to reason about actions and intentions of hu-
mans during their everyday work is an important milestone in the creation of truly intelligent

autonomous systems. In the preceding chapters of this thesis we have presented our contribu-
tions towards this ever-challenging goal.

We started in Chapter 2 by giving an overview on the state of research and recent trends in
the area of human motion capture and activity recognition. Besides the discussion of related
work, we also sketched the basics of our own system to provide the reader with an intuitive
understanding of the concepts presented in this work.

In Chapter 3 we introduced the RAMSIS model from the ergonomics community in the
context of human motion capture and presented various optimizations to adapt the model to
the specific requirements in this field of research. Our modifications include a reduction of
the dimensionality of the pose parameters without loss of expressivity, the incorporation of
biomechanical angular velocity limits to restrict the search space during consecutive pose es-
timation, and the caching of body-part dependant pose calculations to boost efficiency during
repeated hierarchical computation. In addition, we have learned a reduced set of shape param-
eters to facilitate model adaptation to different subjects. The resulting digital human model is
a detailed yet efficient tool for human motion tracking.

Chapter 4 constitutes the central chapter of this thesis and our core algorithmic contributions
to the markerless tracking of human motions. After an introductory discussion of probabilis-
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tic methods for state estimation, we motivate our choice of a particle filter framework and
present corresponding motion and observation models that are well-suited for tracking arbi-
trary types of human motion. As standard sampling importance resampling (SIR) particle fil-
ters are computationally intractable due to the high dimensionality of articulated human mod-
els, we introduced a novel hierarchical sampling strategy for particle filters termed branched

iterative hierarchical sampling (BIHS). Our method combines the complementary strengths of
two state-of-the-art approaches to articulated pose tracking, namely the hierarchical decom-
position of the state space known from partitioned sampling [94] and the stochastic search
strategy introduced in the annealed particle filter [46]. In addition, a parallel evaluation of
partitioning schemes increases the diversity during particle evaluations and leads to improved
robustness by reducing the risks of getting stuck in local maxima of the weight function. We
have validated the improvements over previous approaches to articulated pose tracking and
the generality of our method on several challenging sequences with and without ground-truth
data.

In Chapter 5 we have shown how to extend the tracking of single subjects in a controlled
environment to the tracking of complex manipulation activities and human interactions in
everyday environments. For that we introduced color-based appearance models to augment the
human model presented in Chapter 3. The color information can be used to complement our
shape-based observation model in cases where shape information is ambiguous (e.g. for the
head). It is also an integral part of layered observation models that we use to implicitly model
the environment without the need to provide 3D models. We showed in several experiments
how this enables us to track subjects (•) that manipulate objects or parts of the environment
such as doors, (•) that are being occluded or occlude parts of the environment such as tables,
and (•) that interact with other subjects. The proposed methods are accurate and reliable
to the extent that we used them to create the publicly available TUM KITCHEN Data Set of
complex manipulation activities in a kitchen setting (currently 21 sequences from 4 different
subjects).

In our last chapter we have discussed how to learn models of human motion. In this context,
we presented a method that is capable to learn environment-specific motion models over time
to improve the predictive capabilities of our tracker and thus its efficiency. This unsupervised
method makes use of spatio-temporal neighborhood graphs as an efficient and easily extend-
able representation of pose manifolds. In addition, we have shown that the learned motion
models are well-suited for activity recognition, which allows us to recognize and interpret
observations on-the-fly, and eventually to reason about human activities and intentions.

The methods and components presented in this thesis have been fully implemented and con-
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stitute to a running system for markerless observation and interpretation of human activities.

7.2 Open Problems and the Challenge Ahead

We believe that the ideas and methods presented in this thesis contribute to the ambitious goal
of understanding human actions and intentions by observing their motions and interactions
within the environment. Still, work remains to be done until methods and applications will
reach a level of maturity that will allow them to become an integral part of our everyday lives.
One of the next milestones along this way will be the reliable long-term observation of daily
routines of humans.

Among the open problems that need to be addressed is the automatic initialization and also
the failure recovery of tracking systems. In our work we have assumed that both the shape
parameters of the human model and the initial pose have been provided manually. This is a
viable approach when video sequences are first recorded and then processed afterwards. On-
line approaches that need to observe humans in realtime will require an automated process
for the initialization. Unfortunately, shape and pose initialization has received little attention
in the scientific community [57]. A solution to this problem could come in two steps. First,
a robust classifier could be trained to detect distinct keyposes that are well-suited for initial-
ization. Second, knowledge about the detected keyposes could be used to provide a rough
initialization that is then used as a starting point for optimization. When both shape and pose
parameters need to be initialized, the estimation could be done in alternating steps, e.g. us-
ing the expectation-maximization (EM) algorithm [45]. Note that we learned a statistical set
of shape parameters for our human model in Section 3.2 that is well-suited for automated
parameter estimation.

Real-time performance is another important aspect when considering interactive scenarios,
e.g. in human-robot-interaction (HRI). Our tracking system takes about 10 sec per frame when
using the general motion model and 2.5 sec per frame when the observed motions are known
to our self-trained motion model. A speed up of around two orders of magnitude is required to
achieve interactive framerates. Given that the aforementioned framerates have been calculated
on single-threaded and mostly unoptimized code on a standard consumer PC, we believe that
near real-time performance of our approach is within reach. The largest potential for opti-
mization is in the parallelization of the particle evaluations that require more than 95% of the
overall processing time. A thorough GPU (graphics processing unit) implementation could
help to boost performance, as particle filters are almost ideally suited for parallelization.

We also plan to adapt our method to work from a single viewpoint. This is a critical aspect
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in many application scenarios, e.g. for autonomous robots interacting with humans, or for ad-
vanced input methods in human-computer-interaction (HCI). To account for the loss of 3D
information when omitting the use of multiple calibrated cameras, we will focus on emerg-
ing sensor technologies such as time-of-flight cameras [54] or structured light stereo [35] that
are able to provide dense depth maps from a single viewing direction. We believe that these
technologies will also help to overcome the limitations of current foreground segmentation
methods, i.e. the sensitivity to changing lighting conditions and the inability to extract fore-
ground objects that are similar in color to the background.

FIGURE 7.1 Three-dimensional embedding of spatio-temporal motion snippets using Gaus-
sian process dynamical models (GPDM) [163]. The motion snippets have been calculated
from sequence 1-0 of the TUM KITCHEN Data Set according to the formulation in Sec-
tion 6.1.1, except that absolute world coordinates have been used. The embedding is shown
from three different viewpoints. This example shows how low-dimensional embeddings of
pose manifolds can be used to reveal the global structure in the data, as indicated by the
activity labels. Images courtesy of Dominik Jain, TUM.

Opportunities for further research are also given with respect to the cognitive components
of our work. So far we have successfully shown how to perform online activity recognition
based purely on observed motions. Incorporating complementary sensor input will help to
refine the recognition of actions by putting human motion patterns into context with object
detections (e.g. through RFID readers) and the state of the environment (e.g. by detecting
opened cupboards through magnetic sensors). In addition, graphical models such as hidden

markov models (HMM) of conditional random fields (CRF) can be used to find the most prob-
able sequence of semantic labels taking into account the detected motion correspondences.
The transition probabilities needed e.g. for HMMs can be easily extracted from our spatio-

temporal neighborhood graphs. Another interesting extension to our work is the structural
analysis of human motion data. Revealing the underlying structure of pose manifolds could
be used for unsupervised learning of activities. In Figure 7.1 we show a low-dimensional
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embedding from one of the table-setting sequences in the TUM KITCHEN Data Set. The em-
bedding was created using Gaussian process dynamical models (GPDM) [163] and the motion
snippet representation of a temporal sequence of human poses as introduced in Section 6.1.1.
Such embeddings provide a global view that can be used to detect structural similarities be-
tween activities or to find a generalized and compact representation of the underlying motion
capture data.

FIGURE 7.2 Extending the application domain to articulated hand tracking. The kinematic
structure of human hands (28 d.o.f.) is comparable to that of the human body, and extending
the methods presented in this thesis should be straightforward. Hand tracking has promis-
ing applications e.g. in humanoid robotics, where it could be used to attain dexterous ma-
nipulation through demonstration. The hand model shown conforms to the specifications
of the RAMSIS model as presented in Chapter 3.

Finally, the methods presented in this thesis are applicable in a wide range of related ap-
plication scenarios. One example is articulated hand tracking [144, 29], which has promising
applications e.g. for imitation learning in humanoid robotics to provide robots with dexterous
manipulation skills. As depicted in Figure 7.2, the problem of tracking articulated poses of the
human hand resembles the problem of human fullbody motion tracking. The tree-like kine-
matic structure of human hands is comparable to that of the human body, and we believe that
our tracking methods will translate well to this and other related applications.
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