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1. Introduction ing the Gaussian components of the model to certain view-

. L . . angles. The overall model is thus learned as a mixture of
For image based body pose estimation, the reIat'()nSh”Ov'ew-specific models, that each is a mixture of Gaussians

of body pose and image appearance has often been capturqioic - An EM algorithm is used to learn the models from

by the means of a geometric body model. In contrastto SUChtraining data that are uniformly distributed over all view-
handcrafted models, a learned model has many advantage%l'ngles

e.g. it can be learned from training data, and the computa-
tions can often _b_e performed parametrically. Fu_rthermor_e,zlzl Inference

learned probabilistic models are able to generalise over ir

relevant variation such as the difference in the appearance Given an observed image descriptor and the learned
of distinct subjects. The mapping from an image descrip- model, we can directly infer a pdf over the pose by com-
tor computed from the bounding box of the tracked person puting the conditionap(x|y.s). On the other hand, our

to its pose can be learned with regressors and therefore b&odel also provides us with the informatipfy.;s) how
computed analytically. However, when we consider the 2d likely the observation itself is; this will be needed to fihet
bounding box tracking as an integral part of the body track- best bounding box, i.e. the one which is most likely to con-
ing and pose estimation problem, the learned regressors déain a human. This said, a straightforward strategy would
not provide us with the necessary information, nor will it be to use the well-proved formulation of Bayesian tracking
be possible to do all the computations parametrically. To in combination with a particle filter. This amounts to sam-
overcome these problems, we propose to learn a model opling in the full high-dimensional pose and bounding box
the joint pdf of pose and image descriptors rather than thesearch space, and evaluating the image likelihe(gd|x")
conditional, and, for inference we combine analytical and for each sample using the learned modef. i the image
sample-based computation in a Rao-Blackwellised particledescriptor computed at the bounding box location encoded

filter. by theith sample). This approach is however inefficient
for the high dimensional pose parametrisations that are typ
2. Approach ically used in tracking. Furthermore it doesn’t exploit the

] o fact that part of the problem can be solved analytically.
2.1. Learning the joint pdf

The joint pdfp(x,y) of appearance descriptoysand Rao-Blackwellised particle filter. In the Rao-
pose descriptors is approximated by a mixture of Gaus- Blackwellised particle filter (RBPF), the state space is
sians. While a single multivariate Gaussian captures lin- partitioned into a part that is solved using a particle filter
ear dependencies between the variables, a mixture is able tand a part that is solved parametrically using the learned
approximate nonlinearities as well as multimodalities tha model. Each particle will consist of a sample for bounding
occur due to ambiguities in monocular tracking. Since the box locationl; and view-orientationy;, and a weighto;.
rotation of the tracked person around her own axis is an Additionally a parametric pdf over the possible body poses
obviously nonlinear transformation, several Gaussian-com p(x;|yi.+,1i.,,a%.,,) is computed for each hypothesised
ponents will be needed to capture the dependencies. Weéounding box and orientation. When computing this
therefore chose to facilitate the learning process by assig pdf, only those components of the learned model that
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Figure 1. a) The overall prior (red, hatched) is defined aptbd-
uct of the motion model (blue, dashed, for this illustrattoGaus-
sian pdf around the state bf 1) and the static learned prip(X).

are compatible with the hypothesised orientatignhave

to be considered, all other components will have a very
low weight in the mixture and can thus be ignored. This
advantage follows from assigning model components
to view-orientations, as described in sectidgrl. The
computation of p(x;|y1.+,1i.;,a%,) using the bayesian
tracking formulation requires the definition of a temporal
prior that includes both a motion model and learned infor-
mation about likely body poses. We used a combination of
Brownian motion around a linear prediction of the state,
and the learned (static) prigi(x), as illustrated in fig.1.

For details concerning RBPF, we refer fg.[

3. Experiments

The experiments were done using an image descriptor
that is based on the silhouette of the tracked subject, ob-
tained by background subtraction. To encode these seg-
mented images using a descriptor of moderate size, we use
signed distance functions, that assign to each point on-a reg
ular grid a signed value indicating the distance to the clbse
point on the silhouette. The dimensionality of the desoript
is further reduced by PCA. The pose descriptor uses 3d joint
locations of ankle, hip, shoulder, elbow, wrist and the head
location, and PCA dimensionality reduction. The training
silhouettes were synthetically generated from motion cap-
ture of human locomotion. The algorithm was tested using
real and synthetic data with groundtruth.
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