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6 Conclusion and Future Work

This thesis presented a novel framework for unconstrained 3D human pose
and shape recovery from multiple camera views in complex environments.

Pose recovery is implemented starting from a cascaded matching ap-
proach where the represented pose space is searched for each frame using
probabilistic hierarchical exemplar matching; the remaining stages re-
move and select pose candidate hypotheses by performing more accurate,
but computationally more expensive matching (Sections 3.4 to 3.5). Our
2D pose exemplar library covers the pose space of upright upper body
poses, i.e. we do not restrict ourselves to further sub-classes of allowable
poses or movements and do not use specifically tuned training sets to
learn models for different sequences. Furthermore, we introduced a proba-
bilistic pose selection strategy with automatic viewpoint selection, taking
shape saliency into account. Temporal integration consists of Viterbi-
style integration of poses to trajectories using a learned generic motion
model; predictions are generated using full trajectories for increased ro-
bustness (Chapter 4). We automatically learn an appearance model and
use it to increase the discriminative power of our likelihood computation
(Section 5.1). The model takes uncertainty of appearance on a pixel level
into account.

The choice of a generative model-based approach instead of a learning-
based discriminative approach greatly influences the workings of the sys-
tem, see also the discussion in Section 2.1.1. Using a generative model we
are able to adapt model shape and appearance based on image data (see
Chapter 5); furthermore, we are able to perform local pose optimization
after pose recovery (see Section 3.5.3). A combination of discriminative
and generative approaches for unconstrained 3D human pose estimation
is conceivable; a discriminative one-to-many mapping could be learned
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to roughly initialize a model-based pose (and/or shape) refinement stage.
See e.g. Rosales and Sclaroff [2006], Salzmann and Urtasun [2010] for
combinations of approaches with respect to regarding 2D human pose
estimation. Within the class of model-based approaches, we have chosen
to perform “tracking as detection”, as opposed to strictly time-recursive
approaches such as particle filtering. This makes pose re-initialization
possible in case of temporary estimation failure and also allows auto-
matic initialization in the first few frames without supplying initial ground
truth.

Shape and pose adaptation (Section 5.2) is implemented as a batch-
mode algorithm which addresses both the selection of a suitable set of
input frames and a subsequent adaptation stage. The latter uses the
previously selected frames to optimize an shape-texture objective function
over both shape and pose parameters using stochastic gradient descent.
We have outlined an approach for integrating the proposed shape and
pose adaptation approach into the pose recovery system (Section 5.2.7);
this involves an approximate adaptation of the exemplar shape library
at every time step where the shape model is changed. We propose an
on-line learning of transformations in 2D image space by means of shape
context matching in order to avoid a costly re-rendering of the complete
exemplar library.

While the current implementations make use of three overlapping cal-
ibrated cameras, the number of cameras is in principle adaptive. Our
pose recovery algorithms scale linearly with the number of cameras, be-
cause the exemplars and the rendered model are reprojected to all cam-
eras in the exemplar-based and rendering-based verification stages (see
Section 3.5). We currently require a minimum of two cameras for the es-
timation of a 3D position ~x in the exemplar-based pose verification stage.
The shape and pose adaptation method requires at least one camera and
also scales linearly with the number of cameras. Generally, we expect an
increase in the number of cameras to lead to an increase in estimation
accuracy which saturates at some point. Likewise, decreasing the num-
ber of cameras to two will lead to some decrease in estimation accuracy
due to the lower coverage of viewpoints around the subject. We did not
investigate optimal placement of a certain number of cameras but gener-
ally expect that placing three or more cameras evenly spaced around the
coverage area is not a bad choice.
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The experiments demonstrated a new quality to 3D pose recovery for
arbitrary (single) human movement in a noisy and uncontrolled environ-
ment. We have shown in 12 sequences to clearly outperform Partitioned
Annealed Particle Filtering [Deutscher and Reid, 2005], a state of the art
approach for Bayesian time-recursive model estimation, with an average
pose error of 9.5 cm (using both prediction mechanism (Section 4.3) and
automatic appearance model adaptation (Section 5.1) compared to 14.5
cm using [Deutscher and Reid, 2005]. The current approach also has some
limitations. The remaining failure mode of the system concerns prolonged
“ambiguous” poses with the hands close to the torso; the silhouette-based
approach stands little chance in recovering exact hand position. Further
work could add the segmentation-of and matching-with the weak internal
edges to the later process stages.

An extension of the chosen exemplar-based approach to whole-body
recovery (or to multiple possible shape models for capturing a larger vari-
ety of people) is straightforward. Whole-body recovery requires an exten-
sion of the 2D pose exemplar tree full-body exemplars. Unfortunately, the
combinatorics are rather unfavorable for truly unconstrained movement
(even when assuming standing subjects), so this approach will in turn
require much coarser joint angle discretizations in order to keep the addi-
tional memory requirements in check. As an effect of this, pose recovery
accuracy would almost certainly suffer. The main issue with this straight-
forward way of extending the 2D pose exemplar tree is the exponential
growth of the allowable pose set (see Section 3.4.1). Although our hybrid
clustering approach (Section 3.4.2) scales to the size of our pose set used,
further exponential growth of the pose set size would necessitate alterna-
tive clustering as well as alternative exemplar storage strategies. On-line
matching of such an extended exemplar library also poses new challenges,
despite the sub-linear algorithmic complexity matching in the number of
body poses as a result of the hierarchical representation. Therefore, an
alternative approach to whole-body pose recovery could be to decouple
joint angle estimation on the top level (e.g. decoupling of upper body
and lower body pose) and to perform fusion/integration after separate
matching.

Regarding the shape and pose adaptation, we showed in extensive ex-
periments that our optimization approach can handle input pose errors
up to 15 cm well and that the main components of our approach outper-
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Stage Section Time spent

Preprocessing 3.3 2%
2D exemplar matching 3.4.3 22%
Pose selection 3.4.4 2%
Exemplar-based verification 3.5.1 13%
Rendering-based verification 3.5.2 25%
Local pose optimization 3.5.3 32%
Temporal integr. & model adapt. 4.2, 4.3, 5.1 4%

Table 6.1: Approximate breakdown of computation time onto the sepa-
rate system stages.

form the state-of-the-art. The proposed frame selection stage not only
improves system efficiency by processing a subset of frames, it can also
lead to a better behaved optimization compared to random or likelihood-
based frame selection, as shown in Section 5.2.6. The differentiability of
our objective function and the selection of a suitable optimization strat-
egy results in an efficiency gain that makes our method computationally
efficient compared to other recent methods [Balan and Black, 2008]. In
Section 5.2.7, we outlined an approach to integrate the shape model adap-
tation algorithm into our proposed pose recovery system as described in
the preceding chapters 3, 4 and Section 5. Alternatively, one could extend
the current approach (i.e. Figure 5.1) by integrating a small number of K
different “generic” models into the exemplar tree (e.g. for adult vs. child,
male vs. female, thin vs. thick) and performing a model selection in ad-
dition to pose selection.

Our proposed pose and shape estimation algorithms do not work in
real-time yet. We implemented the pose estimation system in unopti-
mized C++ code; it currently requires about 30-40 s per frame (i.e. total
over three cameras at a timestamp) to recover 3D pose on a 3 GHz Intel
PC. Computing time approximately breaks down onto the separate stages
as given in Table 6.1. This is not fast in absolute terms, but it seems to
compare favorably with previously reported processing speeds in litera-
ture concerning 3D pose recovery with generative models against non-
stationary background (e.g. Balan and Black [2006], Gall et al. [2010],
Kohli et al. [2008], Lee and Cohen [2006], Lee and Nevatia [2009]), yet
direct comparisons are difficult due to the differing types of movement
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considered (for example, unconstrained upper body movement vs. whole-
body walking).

The current processing bottlenecks regarding pose estimation are the
pose hypothesis generation (Section 3.4), pose verification by graphi-
cal rendering (Section 3.5.2) and local pose optimization (Section 3.5.3)
stages. These stages could easily be parallelized, allowing for a near-linear
reduction of processing time with available CPU/GPU cores. Overall,
we did not exploit parallelism (i.e. multi-threading) in our implemen-
tation, neither at the camera-level, nor at the finer, pose-solution level.
The only exception to this was local pose estimation where the opti-
mization step was parallelized over the number of chosen solutions, over
four CPU cores. The admittedly expensive local optimization step could
be significantly speeded up by a GPU implementation, parallelized over
the number of sampled model vertices. Another way to improve system
effiency is by parameter setting. We did not spend major time on param-
eter tuning for efficiency and selected conservative truncation thresholds
(e.g. τ1, ..., τL, KPosSel, KPosV erEx, KPosV erRdr) for the various process-
ing stages. Gavrila and Munder [2007] describe an automatic procedure
to optimize parameters in a multi-stage cascade architecture, based on
successive ROC optimization. Overall, we still see considerable poten-
tial for optimization both on the parameter level and especially on the
implementation level (parallelization, specialized GPU routines).

Shape and pose adaptation using batch optimization of 8 frames (with
3 views each) requires about 20 s of processing time for the proposed
approach, using mostly multi-threaded C++ code running on a 3 GHz
Intel PC. To this end, it is computationally efficient compared to other
recent methods (e.g. Balan and Black [2008], 40 min/model). Again, we
still see optimization potential by implementing the core routines GPU-
based, exploiting hardware parallelism.

Given Moore’s Law1, which describes the approximate doubling of the
number of transistors on an integrated circuit every two years along with
the associated increase in computing power, we can expect that real-time
capabilities of an optimized hardware implementation are in reach within
the next few years.

The thesis focused on the recovery of the pose and shape for one sub-
ject. Multi-person pose and shape recovery could be achieved with our

1http://en.wikipedia.org/wiki/Moore’s_law
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framework by executing the system multiple times on all recognized 3D
blobs in the image pre-processing stage (see Section 3.3). We made the
assumption that people do not occlude each other in any camera view;
in practice this currently means that subjects should not be too close
to each other. For more complex conditions, the system could be built
on top of a multi-3D blob tracking approach, e.g. Fleuret et al. [2008],
Liem and Gavrila [2009] to better handle track consistency in case of
multiple persons being in close vicinity, i.e. avoidance of ID changes. Re-
garding inter-person occlusion, in case the occlusion boundaries between
two or more people are known, one can use this information to mask
out occluded parts of the model in the affected camera views. Only the
non-occluded parts should then be used for shape matching by removing
the penalty (e.g. contribution to chamfer distance) for projecting a hu-
man body model to masked out regions. Finally, we note that there are
first recent attempts to jointly estimate the 2D pose of multiple people
[Eichner and Ferrari, 2010].

In this work, we have made the contribution of a novel framework for
unconstrained and markerless 3D human pose estimation and shape adap-
tation in a complex outdoor environment. In general, recent approaches
have shown successful 3D pose estimation or shape model estimation in
both single frames and on whole sequences. Future developments in the
field will comprise solutions for combining 3D pose and shape estima-
tion in single frames, where the main challenge lies in handling the high-
dimensional state space. We will most likely see further approaches for
pose and shape detection for groups of people, estimated jointly, intro-
ducing accurate occlusion handling. Approaches to shape modeling will
become more sophisticated to solve for dynamically changing appearance
of people; e.g. with or without backpack, jacket, etc. Active research in
markerless pose and shape estimation will continue throughout at least
the next decade, working toward the ambitious goal of being able to cor-
rectly recognize all feasible pose and shape combinations of any number
of subjects in real-time.
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