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2 Previous Work and
Contributions

2.1 Previous work

2.1.1 3D human pose estimation

There is meanwhile extensive literature on 3D human pose estimation.
For an exhaustive listing, see surveys by Gavrila [1999], Forsyth et al.
[2005], Moeslund et al. [2006], Poppe [2007], Sigal and Black [2010].

One line of research has focused on 3D model-based tracking; i.e. given
a reasonably accurate 3D human model and an initial 3D pose, predict
the pose at the next time step using a particular dynamical and observa-
tion model [Balan and Black, 2006, Bregler et al., 2004, Brubaker et al.,
2010, Deutscher and Reid, 2005, Drummond and Cipolla, 2001, Fossati
et al., 2009, Gavrila and Davis, 1996, Hasler et al., 2009a, Kakadiaris and
Metaxas, 2000, Kehl and Gool, 2006, Lee and Elgammal, 2010, Li et al.,
2010, Ong et al., 2006, Peursum et al., 2010, Roberts et al., 2006, Rosen-
hahn and Brox, 2007, Stenger et al., 2006, Vondrak et al., 2008, Xu and
Li, 2007]. For example, Gavrila and Davis [1996] use a chamfer distance-
based dissimilarity measure in combination with a local search approach
to update the pose estimate for each new time step. The high-dimensional
search space is decomposed along the kinematic chain to make the search
feasible. In Bregler et al. [2004], the authors measure optical flow and
employ a twist motion model and exponential maps such that the kine-
matic chain parameters can be recovered by solving linear equations from
frame to frame. In Kehl and Gool [2006], a super-ellipsoid body model
is tracked using stochastic gradient descent, with a likelihood function
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CHAPTER 2. PREVIOUS WORK AND CONTRIBUTIONS

aligning edge and color information of the model with a voxel surface
computed from observations. Mentioned examples are single-hypothesis
approaches. These operate under the assumption that the correct pose
state could be estimated for the previous time step in order to estimate
pose at the current time step. In practice, these approaches work only as
long as this asumption can be upheld.

Multi-hypothesis approaches based on particle filtering [Brubaker et al.,
2010, Deutscher and Reid, 2005, Ong et al., 2006, Peursum et al., 2010,
Wang and Rehg, 2006, Xu and Li, 2007] or non-parametric belief propa-
gation [Sigal et al., 2004] are used for increased robustness. However, the
high dimensionality of the pose parameter space necessitates researchers
to employ strong motion priors (i.e. known action classes such as walking,
running) and/or various sequential sampling techniques. For example,
Deutscher and Reid [2005] use an annealed particle filter chain to gradu-
ally guide the set of particles toward the global maximum of the likelihood
function. Xu and Li [2007] make use of the inherent motion correlation
in walking movements (i.e. highly correlated left-side and right-side Euler
angles) and marginalize part of the state variables to create strong mo-
tion priors. A physics-based leg model of human walking motion is used
in [Brubaker et al., 2010] to guide a particle filter. In practice, tracking
of complex, unconstrained motions in high dimensional spaces soon goes
astray if no recovery mechanism is added.

Another line of research has dealt with 3D pose initialization. Work in
this category can be distinguished by the number of cameras used. Multi-
camera systems for 3D pose initialization were so far applied in controlled
indoor environments. The near-perfect foreground segmentation result-
ing from the stationary background, together with the many cameras
used (> 5), allows to recover pose by Shape-from-Silhouette techniques
[Cheung et al., 2005, Corazza et al., 2010, Mikic et al., 2003, Starck and
Hilton, 2003, Sundaresan and Chellappa, 2009]. For example, Cheung
et al. [2005] combine a temporal Shape-from-Silhouette algorithm with
kinematic chain models to perform markerless articulated object track-
ing. A new line of research goes beyond the recovery of pose parameters
to the estimation of the non-rigid surface of the 3D human model [Balan
et al., 2007, Gall et al., 2009]. This is relevant for more accurate pose
recovery and dealing with loose clothes; see also next section.

Single camera systems for 3D pose initialization can be sub-divided
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whether they use generative or learning-based approaches. Learning-
based approaches construct a mapping between 3D pose and 2D image
observables using machine learning techniques [Agarwal and Triggs, 2006,
Bo and Sminchisescu, 2010, Bissacco et al., 2007, Kanaujia et al., 2007,
Rogez et al., 2008, Shakhnarovich et al., 2003]. In general, these ap-
proaches are conceptually appealing and fast, especially for solving the
initialization problem, but questions still remain regarding their scalabil-
ity to arbitrary poses. The high non-linearity of the mapping requires
the training set to be densely sampled. A large number of examples
are needed to allow for successful regression, given the ill conditioning
and high dimensionality of the problem (e.g. 150,000 examples using
Poser software [Shakhnarovich et al., 2003] or 40,000 examples from Hu-
manEva ([Sigal et al., 2010]) [Rogez et al., 2008]). While generative ap-
proaches facilitate a direct measurement between change of input param-
eters (e.g. pose or shape parameters) and feature output, this correlation
is lost in generative approaches where regression provides merely a map-
ping from image features to parameter space. This renders certain tasks
such as local parameter optimization or model adaptation more difficult
using these approaches.

Most experimental results in the literature involve restricted move-
ments, i.e. walking or running. Examples of learning-based approaches
include Agarwal and Triggs [2006], where shape descriptor vectors from
image silhouettes are directly mapped to pose joint angles by means of
direct non-linear regression through Relevance Vector Machines (RVMs).
Rogez et al. [2008] discretize the pose space into a set of classes on a 2D
toroidal manifold, taking viewpoint and motion cyclicity into account,
and learn Random Forests from HOG (Histogram of Oriented Gradi-
ents) features. Their approach gives promising results even for non-static
backgrounds. Shakhnarovich et al. [2003] introduce a hashing-based al-
gorithm, Parameter Sensitive Hashing, for efficient mapping of image
features to approximate neighbors in a database of exemplars. Com-
putational complexity of their algorithm is sub-linear in the number of
exemplars.

On the other hand, pose initialization using 2D or 3D generative mod-
els [Kohli et al., 2008, Lee and Cohen, 2006, Lee and Nevatia, 2009] in-
volves finding the best match between model projections and image, and
retrieving the associated 3D pose. 3D generative models typically involve
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compositions of volumetric primitives like ellipsoids or cones [Forsyth
et al., 2005, Gavrila, 1999, Moeslund et al., 2006]. For example, Lee and
Cohen [2006], Lee and Nevatia [2009] use tapered cylinders to model the
human body. Their pose estimation framework [Lee and Cohen, 2006] is
applied on static single-view images and employs a data-driven Markov
chain Monte Carlo approach, where component detection results gener-
ate state proposals, which are consolidated in “proposal maps” for each
joint position. Pose initialization using 2D generative models involves
2D pose recovery [Andriluka et al., 2009, Ferrari et al., 2009, Mori and
Malik, 2006, Ramanan et al., 2007] followed by a 3D inference step with
respect to the joint locations. Alternatives involve linear subspace mod-
els, derived from a training set of 3D human body scans (SCAPE, Balan
et al. [2007]) and mesh models (e.g. Hasler et al. [2009a]). These detailed
models can increase the accuracy of likelihood measurement; see also next
section. Their downside is that these person-specific models need to be
acquired prior to pose recovery, e.g. by laser scanning.

In order to reduce the combinatorial complexity associated with pose
recovery, previous generative approaches apply part-based techniques [Si-
gal et al., 2004, Navaratnam et al., 2005, Mori and Malik, 2006, Ramanan
et al., 2007, Bergtholdt et al., 2010]. In [Sigal et al., 2004], the used
body model is a collection of loosely-connected limbs. Motion capture
training data provides conditional probabilities concerning the 3D pose
of connected limbs, as well as a probabilistic motion model. Inference is
then performed using non-parametric belief propagation over a general
loopy graph. As far as these part-based approaches involve search space
decomposition (i.e. searching first for the torso, then arms and legs),
they are error prone; estimation mistakes made early on based on partial
model knowledge cannot be corrected later on. In practice, this means
that instances with an appreciable amount of torso movement and ro-
tation are difficult to handle. It proves difficult to combine an efficient
inferencing mechanism on body parts with the enforcement of multi-part
constraints (e.g. dynamics, appearance). Sigal and Black [2010] suggest
that part-based approaches are probably best to provide an efficient pro-
posal function for estimation with a more centralized representation of
the body (e.g. a kinematic tree).

Methods for pose initialization can serve to initialize the above-mentioned
trackers. An increasingly popular alternative is their use in “tracking-

10



2.1. PREVIOUS WORK

as-recognition” approaches, especially when no strong motion priors are
available. Here, pose estimates obtained independently at each time in-
stant are integrated to consistent trajectories, taking into account a more
generic motion model. This is typically achieved by Markov chain op-
timization [Fossati et al., 2007, Howe, 2004, Lee and Nevatia, 2009, Lv
and Nevatia, 2007, Navaratnam et al., 2005, Peursum et al., 2007]. In
an interesting variation, Fossati et al. [2007] perform this optimization
on key frames which are detected using spatio-temporal shape templates,
followed by prediction and refinement of 3D poses between detections.

Given the extensive amount of work done on human 3D pose esti-
mation, it has been difficult to assess how the various approaches stack
against each other. Sigal et al. [2010] make a contribution in this regard,
by providing the “HumanEva” data set. It contains a sizeable amount of
multi-video and synchronized motion capture data of humans performing
a set of predefined actions in a controlled indoor environment. Together
with the provided motion capture ground truth and baseline algorithm, it
allows other researchers to benchmark their 3D pose estimation systems
on a common data set [Bergtholdt et al., 2010, Bo and Sminchisescu,
2010, Brubaker et al., 2010, Corazza et al., 2010, Gall et al., 2010, Peur-
sum et al., 2010, Lee and Elgammal, 2010, Li et al., 2010].

2.1.2 3D human shape estimation

Compared to the amount of literature on human pose estimation (see pre-
vious Section), the topic of human shape model adaptation has received
less attention.

Previous work on 3D human pose and shape recovery can be distin-
guished by the type of shape representation used and the way in which
shape fitting takes place. 3D human shape models come in roughly three
categories. The first category represents 3D human shape by a set of
voxels [Cheung et al., 2005, Grauman et al., 2003, Ukita et al., 2008].
Eigenspace models can be used to introduce priors for the segmentation
[Grauman et al., 2003] and to perform body part labeling [Ukita et al.,
2008]. In the latter paper, a visual hull eigenspace projection is used to
provide body part class labels in real-time. The second category rep-
resents the various body parts by volumetric primitives (e.g. cylinders,
ellipsoids, superquadrics) [Kakadiaris and Metaxas, 1998, Mikic et al.,
2003, Sminchisescu and Triggs, 2003]. For example, in Kakadiaris and
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Metaxas [1998], the shape of deformable 3D primitives are adapted ac-
cording to the apparent contours from three mutually orthogonal views.
Mikic et al. [2003] fit a set of ellipsoids to 3D voxel data in combina-
tion with a Bayesian network refinement to adapt limb proportions. Su-
perquadrics with global deformations are used as a body model in Smin-
chisescu and Triggs [2003]. The third category uses surface models to
describe human shape [Anguelov et al., 2005, Balan and Black, 2008,
Balan et al., 2007, Ballan and Cortelazzo, 2008, de Aguiar et al., 2007,
Gall et al., 2009, Guan et al., 2009, Hasler et al., 2009b, Plaenkers and
Fua, 2003, Rosenhahn et al., 2007, Starck and Hilton, 2003, Vlasic et al.,
2008]. For example in Starck and Hilton [2003], a mesh model is fitted
to surface features under shape regularization, while in de Aguiar et al.
[2007], Gall et al. [2009], mesh models are used to adapt shape to cloth-
ing using Laplacian mesh deformations. A model consisting of smooth
implicit surfaces is used in Plaenkers and Fua [2003] to adapt shape and
pose for a person in a least-squares framework using stereo data as input.

Eigenspace surface models for shape estimation (SCAPE) were popu-
larized by Anguelov et al. [2005] and were used in Balan and Black [2008],
Balan et al. [2007], Guan et al. [2009] for joint pose and shape estimation
under clothing. In Balan et al. [2007], body shape is optimized per frame
while the pose is being tracked over a video sequence. Balan and Black
[2008] use the concept of a maximal silhouette-consistent shape to esti-
mate body shape under deformable clothing. Hasler et al. [2009b] adapt
a mesh model using Laplacian deformations and project it back to the
learned space of human shapes at the end of each iteration. Most re-
cently, the approach has been used to infer pose and shape from a single
image [Guan et al., 2009], although with necessary user interaction to
provide marker points on the image. The methods reported for adapting
the SCAPE model include annealed particle filtering [Balan et al., 2007]
and gradient-free direct search [Balan and Black, 2008, Guan et al., 2009].

Each above-mentioned category of human 3D shape representation
comes with its own benefits and drawbacks. The choice for a particular
representation should be guided by the application at hand. For exam-
ple, an application requiring a detailed recovery of the 3D human shape
will favor the use of finely tesselated mesh models, especially if loose
(non-rigid) clothing is to be considered (e.g. Rosenhahn2007). The high
expressivity of mesh models comes however at the price of having to esti-
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mate comparatively large number of parameters. In practice, this means
that 3D measurement needs to be precise and at a high spatial resolu-
tion. This in turn leads to in-door settings with controlled backgrounds,
and the availability of a large number of cameras (> 5) relatively up-
close, for an accurate volume carving [de Aguiar et al., 2007, Starck and
Hilton, 2003, Vlasic et al., 2008]. In some cases, range data is measured
by means of stereo vision [Plaenkers and Fua, 2003, Starck and Hilton,
2003]. Yet other work assumes that a detailed initial 3D shape model has
been obtained off-line by laser scanning [de Aguiar et al., 2007, Hasler
et al., 2009b, Vlasic et al., 2008]. Human shape models based on volu-
metric primitives come typically with a lower number of parameters and
are more suited for those applications where high realism is not feasible
or not the primary scope, e.g. person tracking from a larger distance
with a low number of cameras (1–3) in a surveillance context. Global,
eigenspace-based surface models (e.g. SCAPE [Anguelov et al., 2005,
Balan and Black, 2008, Balan et al., 2007, Guan et al., 2009]) have the
ability to reduce the number of parameters, possibly below the number
of parameters needed for the local models using volumetric primitives.
This is feasible as long as a particular test instance is well described by
the modes of variation in the training set. A training set of body scans
might however not compactly represent all clothed humans, e.g. those in
wide jacket and tight pants.

Regarding the way in which shape fitting takes place, early work had
the subject perform a specific series of movements to measure the human
body structure [Kakadiaris and Metaxas, 1998]. In contrast to this, shape
is automatically fitted in the first frame using heuristics in Sminchisescu
and Triggs [2003]. Recent approaches integrate shape estimation with the
pose estimation process either per-frame [Balan et al., 2007, de Aguiar
et al., 2007, Gall et al., 2009] or over all frames simultaneously [Balan
and Black, 2008]. However, many approaches still require manual model
positioning for bootstrapping the algorithm [Ballan and Cortelazzo, 2008,
de Aguiar et al., 2007, Hasler et al., 2009b, Plaenkers and Fua, 2003,
Starck and Hilton, 2003].

2.2 Contributions

The main research problem addressed in this thesis is:
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• How can we efficiently and robustly estimate unconstrained 3D hu-
man motion in complex, dynamic environments, using few (e.g. 3-
4) overlapping cameras?

This involves addressing the following sub-problems:

• How can we model 3D human pose and appearance, in a such a way
that it facilitates matching and adaptation?

• How can we perform 3D pose initialisation efficiently and robustly,
without needing scripted initialisation poses?

• How can we enforce temporal consistency in 3D pose estimation?

• How can we adapt a generic 3D human model to that of a specific
person in the scene? How does this benefit 3D pose estimation?

• How can we combine pose initialization, temporal integration and
model adaptation in an overall 3D human motion estimation frame-
work?

The remainder of this section summarizes the thesis contributions in more
detail, contrast them to previous work, and provides links to the respec-
tive thesis chapters.

2.2.1 Pose recovery

The main contribution is a framework for estimating unconstrained 3D
human movement in complex environments using a moderate number of
cameras (Chapter 3, Section 5.1). It consists of single-frame pose recovery,
temporal integration and texture-based model adaptation components, as
shown in Figure 3.1 on page 22. We approach the (re)initialization prob-
lem by performing “tracking-as-detection” at every time step (Sections 3.4
and 3.5), unlike time-recursive approaches that rely solely on the output
from the previous time step(s) (e.g. particle filtering [Deutscher and Reid,
2005, Balan and Black, 2006]). The way multiple pose trajectories are
used goes beyond previous “tracking-as-detection” approaches (see Sec-
tion 2.1.1), where the computation of a (single) best pose trajectory is
solely a post-processing step, decoupled from the estimation process. We
integrate the computation of the best trajectories (multiple hypotheses)
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into the tracking loop and use this information for the generation of pose
hypothesis predictions (Chapter 4). We do not use strong motion priors
(e.g. Lee and Elgammal [2010], Sigal et al. [2004]).

Appearance model adaptation (Section 5.1) is handled automatically
and is fully integrated into the framework, i.e. we do not require pre-
defined key poses [Fossati et al., 2007, Ramanan et al., 2007]. To reduce
the chance of a wrong model update, we update only for those poses which
lie on the most likely pose trajectory, i.e. we perform batch-mode temporal
integration before model adaptation, rather than model adaptation at
each time instant independently (e.g. Balan and Black [2006]).

A second contribution concerns the way multi-camera pose recovery is
performed. The error-prone foreground segmentation resulting from op-
erating in dynamic outdoor environments together with the lower number
of cameras used prevents solving matters by Shape-from-Silhouette tech-
niques outright (see Section 2.1.1). Inverse kinematics techniques (Kaka-
diaris and Metaxas [2000], Knossow et al. [2008]), on the other hand,
require close initial estimates. We also do not wish to rely on feature
correspondences across cameras (i.e. wide-baseline stereo), as this will be
difficult to achieve robustly. Instead, we propose to perform 3D pose de-
tection for each camera independently and fuse information at the pose
parameter level by means of an efficient multi-stage recovery process. Fus-
ing the information at the pose level improves the scalability with respect
to the number of cameras (e.g. allowing optimized per-camera matching,
improved algorithm parallelism). We introduce a probabilistic pose se-
lection criterion which implicitly performs automatic viewpoint selection
by evaluating and ranking by a pose posterior term. An advantage of
our exemplar-based approach is that it describes the articulations of the
upper-body as a whole. This ensures that upon matching, all available
model knowledge is used at the same time, avoiding some of the draw-
backs of the part-based decomposition approaches discussed in Section
2.1.1.

Pose hypothesis generation (Section 3.4) is performed efficiently by
using a large 2D pose exemplar library, fully clustered based on appear-
ance, and probabilistic matching techniques. The framework offers two
ways to go beyond the parameter discretization induced by the exemplar-
based approach: by means of local pose optimization and pose prediction,
both performed in continuous parameter space.
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2.2.2 Shape model adaptation

The contributions regarding shape model adaptation are two-fold. First,
we present an automatic selection method to determine a subset of frames,
upon which to base shape model adaptation (Section 5.2.4). It involves
the optimization of an objective function that maximizes a shape-texture
likelihood function and a pose diversity criterion (i.e. the model surface
area that lies close to the occluding contours), in the selected frames.
The idea of selective or “opportunistic” model acquisition was inspired
by work by Ramanan et al. [Ramanan et al., 2007]. In that work, color
information was added to 2D pictorial structure models in frames de-
picting “easy” poses (what easy poses were was defined heuristically, i.e.
person standing with legs apart). Here we offer a more principled and
automatic frame selection approach for 3D shape model adaptation. We
will show in extensive experiments (Section 5.2.6) that selecting the right
frames for adapting the shape model makes a difference regarding both
model accuracy and pose recovery performance.

A secondary, more limited contribution concerns the definition of a
differentiable objective function for 3D human shape model and pose
adaptation, based on both contour and texture cues (Section 5.2.5). We
perform stochastic gradient-based optimization, similar to Kehl and Gool
[2006], and add vertex resampling to account for shape model changes
(Kehl and Gool [2006] only considered pose adaptation based on contour
cues). The objective functions used in Balan and Black [2008], Balan et al.
[2007] involve contour features only and are non-differentiable. As will be
seen in the experiments, the proposed optimization technique based on
closed-form expressions for the Jacobian matrix compares favourably, in
terms of convergence and processing cost.

Given that our primary application concerns 3D pose tracking in a
surveillance context (i.e. few overlapping cameras, outdoor scenario with
dynamic and cluttered backgrounds, uncooperative subjects at some dis-
tance) we opted for a 3D human shape representation by means of vol-
umetric primitives, see discussion in Section 2.1.2. Note, however, that
our contributions, frame selection algorithm and objective function for
shape optimization, can be extended to the case of mesh models (e.g.
SCAPE [Anguelov et al., 2005, Balan et al., 2007]). For frame selection,
we only require that it is possible to determine vertices lying on the oc-
cluding contours, and that we can define a 2D distance measure between
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vertices lying on the surface. Regarding the objective function, we re-
quire the existence of a generation function for the model vertices that is
differentiable with respect to pose and shape parameters.

2.2.3 Data set

Our experimental data consists of recordings from three synchronized
color CCD cameras looking over a train station platform. In several
sequences, captured at 20 Hz, various actors perform unscripted move-
ments, such as walking, gesticulation and waving. The setting is challeng-
ing; the movements performed contain a sizable amount of torso turning,
the background is cluttered and non-stationary (people are walking in
the background, trains are passing by), furthermore, there are apprecia-
ble lighting changes.

The realism of the dataset in the context of surveillance was the key
motivation for preferring it over the HumanEva data set (Sigal et al.
[2010]). That said, we are measuring performance of this system on
several HumanEva sequences in Sections 5.1.3 and 5.2.6 to allow some
comparisons with the state-of-the-art.

Our camera model is that of a general projective camera P ∈ R
3×4,

where P can be decomposed into matrices of intrinsic and extrinsic pa-
rameters

P = K[R| − RC̃] (2.1)

where [·|·] describes the composition of a 3 × 3 matrix on the left side
and a 3 × 1 vector on the right side to a 3 × 4 matrix, K ∈ R

3×3 is
the intrinsic calibration matrix, the rotation matrix R ∈ R

3×3 gives the
extrinsic orientation of the camera and C̃ ∈ R

3×1 is the extrinsic position
of the camera center. K has the form

K =





αx s x0
0 αy y0
0 0 1



 (2.2)

and contains parameters describing the scale factors in x and y coordinate
direction (αx, αy), a skew parameter s ≡ 1 and the coordinates (x0, y0)
of the principal point.

Cameras were calibrated using (Bouguet [2003]) in a two-step proce-
dure; see Appendix B for the estimated parameters. First, the intrinsic
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camera parameters of K as well as parameters κ1, . . . , κ4 concerning ra-
dial lens distortion (Hartley and Zisserman [2004, Section 7.4]) were de-
termined by means of a chessboard pattern with known square sizes for
each camera independently. The lens distortion was removed on all im-
ages of the data set in an off-line procedure. Second, the extrinsic camera
parameters were recovered over all cameras simultaneously by identify-
ing corresponding corner points on the chessboard pattern visible in all
cameras, with one camera being defined as unrotated and in the world
coordinate origin. Camera calibration enabled the recovery of the ground
plane through identification of corresponding points on the ground plane
in several views.

Ground truth pose was manually labeled for all frames of the data
set using our labeling tool (see Appendix C). Considering the quality
of calibration and labeling, we estimate the ground truth accuracy to be
within 4 cm. Table 2.1 provides a list of the labeled sequences which
will be used in the experiments of Chapters 3, 4 and 5. Figure 2.1 shows
example images of the subjects P1-P4 listed in Table 2.1.

Throughout this thesis, we use two different “generic” male shape
models to perform human pose estimation (Chapters 3, 4 and Section 5.1)
as well as to provide a starting point for shape model adaptation (Sec-
tions 5.2 to 5.2.6). Table 2.2 lists the average vertex error of these generic
models with respect to the manually labeled ground truth models. We
define the model vertex error as the mean error of the model vertices to
the ground truth model, both in a canonical pose (standing upright, arms
streched laterally, at 90◦ elevation). The measure captures the “distance”
of a shape model to the ground truth shape model. See Section 3.2 for a
detailed description of the shape model class used.
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Sequence Subject Nr. of frames

S01 P3 150
S02 P4 245
S03 P3 53
S04 P3 48
S05 P1 292
S06 P3 230
S07 P4 92
S08 P2 418
S09 P3 385
S10 P1 110
S11 P1 110
S12 P2 200
S13 P3 170
S14 P2 120
S15 P2 50
S16 P4 200

Table 2.1: Overview over the data set sequences (captured at 20 Hz); see
Figure 2.1 for example images of the subjects P1-P4.

Subject avg. vertex error [cm] to ground truth

Ch. 3, 4, 5.1 Ch. 5.2 - 5.2.6

P1 3.2 7.4
P2 2.6 5.3
P3 2.9 4.4
P4 3.7 5.3

Table 2.2: Average model vertex errors of the generic shape models used
in various parts of this thesis to the respective ground truth models.
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Figure 2.1: Example images (one view shown; image cut-outs) depicting
the subjects P1 (right person, top left), P2 (top right), P3 (right person,
bottom left), P4 (bottom right).
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