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Abstract. We consider the problem of monocular 3d body pose tracking from
video sequences. This task is inherently ambiguous. We propose to learn a gener-
ative model of the relationship of body pose and image appearance using a sparse
kernel regressor. Within a particle filtering framework, the potentially multimodal
posterior probability distributions can then be inferred. The 2d bounding box lo-
cation of the person in the image is estimated along with its body pose. Body
poses are modelled on a low-dimensional manifold, obtained by LLE dimen-
sionality reduction. In addition to the appearance model, we learn a prior model
of likely body poses and a nonlinear dynamical model, making both pose and
bounding box estimation more robust. The approach is evaluated on a number
of challenging video sequences, showing the ability of the approach to deal with
low-resolution images and noise.

1 Introduction

Monocular body pose estimation is difficult, because a certain input image can often
be interpreted in different ways. Image features computed from the silhouette of the
tracked figure hold rich information about the body pose, but silhouettes are inher-
ently ambiguous, e.g. due to the Necker reversal. Through the use of prior models this
problem can be alleviated to a certain degree, but in many cases the interpretation is
ambiguous and multi-valued throughout the sequence.

Several approaches have been proposed to tackle this problem, they can be divided
into discriminative and generative methods. Discriminative approaches directly infer
body poses given an appearance descriptor, whereas generative approaches provide a
mechanism to predict the appearance features given a pose hypothesis, which is then
used in a generative inference framework such as particle filtering or numerical optimi-
sation.

Recently, statistical methods have been introduced that can learn the relationship
of pose and appearance from a training data set. They often follow a discriminative
approach and have to deal explicitly with the nonfunctional nature of the multi-valued
mapping from appearance to pose [1–4]. Generative approaches on the other hand typ-
ically use hand crafted geometric body models to predict image appearances (e.g. [5],
see [6, 7] for an overview).

We propose to combine the generative methodology with a learning based statistical
approach. The mapping from pose to appearance is single-valued and can thus be seen



as a nonlinear regression problem. We approximate the mapping with a RVM kernel
regressor [8] that is efficient due to its sparsity.

The human body has many degrees of freedom, leading to high dimensional pose
parametrisations. In oder to avoid the difficulties of high dimensionality in both the
learning and the inference stage, we apply a nonlinear dimensionality reduction algo-
rithm [9] to a set of motion capture data containing walking and running movements.

1.1 Related Work

Statistical approaches to the monocular pose estimation problem include [1–4, 10, 11].
In [10] the focus lies on the appearance descriptor, and the discriminative mapping
from appearance to pose is assumed to be single-valued and thus modelled with a sin-
gle linear regressor. The one-to-many discriminative mapping is explicitly addressed in
[1–4] by learning multiple mappings in parallel as a mixture of regressors. In order to
choose between the different hypotheses that the different regressors deliver, [1, 2] use
a geometric model that is projected into the image to verify the hypotheses. Inference
is performed for each frame independently in [1]. In [2] a temporal model is included
using a bank of Kalman filters. In [3, 4] gating functions are learned along with the re-
gressors in order to pick the right regressor(s) for a given appearance descriptor. The
distribution is propagated analytically in [3], and temporal aspects are included in the
learned discriminative mapping, whereas [4] adopts a generative sampling-based track-
ing algorithm with a first-order autoregressive dynamic model.

These discriminative approaches work in a bottom-up fashion, starting with the
computation of the image descriptor, which requires the location of the figure in the
images to be known beforehand. When including 2d bounding box estimation in the
tracking problem, a learned dynamical model might help the bounding box tracking,
and avoid loosing the subject when it is temporarily occluded. To this end, [12] learns
a subject-specific dynamic appearance model from a small set of initial frames, con-
sisting of a low-dimensional embedding of the appearances and a motion model. This
model is used to predict location and appearance of the figure in future frames, within a
CONDENSATION tracking framework. Similarly, low-dimensional embeddings of ap-
pearance (silhouette) manifolds are found using LLE in [11], where additionally the
mapping from the appearance manifold to 3d pose in body joint space is learned using
RBF interpolants, allowing for pose inference from sequences of silhouettes.

Instead of modelling manifolds in appearance space, [13–15] work with low dimen-
sional embeddings of body poses. In [13], the low-dimensional pose representation, its
dynamics, and the mapping back to the original pose space are learned in a unified
framework. This approach does not include statistical models of image appearance.

In a similar fashion, we also chose to model manifolds in pose space rather than
appearance space, because the pose manifold has fewer self-intersections than the ap-
pearance manifold, making the dynamics and tracking less ambiguous. In contrast to
[13–15], our model includes a learned generative likelihood model. When compared to
[1–4, 10, 11], our approach can simultaneously estimate pose and bounding box, and
learning a single regressor is more easily manageable than a mixture of regressors.

The paper is structured as follows. Section 2 and 3 introduce our learned models
and the inference algorithm, and in Section 4 we show experimental results.



2 Learning

Figure 1 a) shows an overview of the tracking framework. Central element is the low-
dimensional body pose parametrisation, with learned mappings back to the original
pose space and into the appearance space. In this section all elements of the framework
will be described in detail. Our models were trained on real motion capture data sets of

BPCA reconstruction 

learn LLE dim. red.

reconstruct
pose, eq. (1)

Body Pose

Appearance

X : Body Pose
(high dim.)

x : Body Pose
(low dim.)

Y : Image
(high dim.)

y : Appearance 
Descriptor: (low dim.)

dynamic prior
eq. (4)

eq. (6)

ge
ne

ra
tiv

e 
m

ap
pi

ng

eq. (5)

learn BPCA dim. red.

(a)

(b)

(c)

Fig. 1. a) An overview of the tracking framework. Solid arrows represent signal flow during
inference, the dashed arrow stands for LLE resp. BPCA dimensionality reduction during training.
The figure refers to equations in Section 2. b) Body pose representation as a number of 3d joint
locations. c) Corresponding synthetically generated silhouette, as used for training the appearance
model.

different subjects, running and walking at different speeds.

2.1 Pose and Motion Prior

Representations for the full body pose configuration are high dimensional by nature;
our current representation is based on 3d joint locations of 20 body locations such as
hips, knees and ankles, but any other representation (e.g. based on relative orientations
between neighbouring limbs) can easily be plugged into the framework. To alleviate
the difficulties of high dimensionality in both the learning and inference stages, a di-
mensionality reduction step identifies a low dimensional embedding of the body pose
representations. We use Locally Linear Embedding (LLE) [9], which approximately
maintains the local neighbourhood relationships of each data point and allows for global



deformations (e.g. unrolling) of the dataset/manifold. LLE dimensionality reduction is
performed on all poses in the data set and expresses each data point in a space of desired
low dimensionality. We currently use a 4-dimensional embedding. However, LLE does
not provide explicit mappings between the high-dimensional and the low-dimensional
space, that would allow to project new data points (that were not contained in the origi-
nal data set) between the two spaces. Therefore, we model the reconstruction projection
from the low-dimensional LLE space to the original pose space with a kernel regressor.

X = fp(x) = WpΦp(x) (1)

Here, X and x are the body pose representations in original resp. LLE-reduced spaces,
Φp is a vector of kernel functions, and Wp is a sparse matrix of weights, which are
learned with a Relevance Vector Machine (RVM). We use Gaussian kernel functions,
computed at the training data locations.

The training examples form a periodic twisted ’ring’ in LLE space, with a curvature
that varies with the phase within the periodic movement. A linear dynamical model, as
often used in tracking applications, is not suitable to predict future poses on this curved
manifold. We view the nonlinear dynamics as a regression problem, and model it using
another RVM regressor, yielding the following dynamic prior,

pd(xt|xt−1) = N (xt;xt−1 + fd(xt−1)∆T , Σd), (2)

where fd(xt−1) = WdΦd(xt−1) is the nonlinear mapping from poses to local velocities
in LLE pose space, ∆T is the time interval between the subsequent discrete timesteps
t − 1 and t, and Σd is the variance of the prediction errors of the mapping, computed
on a hold-out data set that was not used for the estimation of the mapping itself.

Not all body poses that can be expressed using the LLE pose parameterisation do
correspond to valid body configurations that can be reached with a human body. The
motion model described so far does only include information about the temporal evo-
lution of the pose, but no information about how likely a certain body pose is to occur
in general. In other words, it does not yet provide any means to restrict our tracking to
feasible body poses. Worse, the learned regressors can produce erroneous outputs when
they are applied to unfeasible input poses, since the extrapolation capabilities of kernel
regressors to regions without any training data is limited. The additional prior knowl-
edge about feasible body poses is introduced as a static prior that is modelled with a
Gaussian Mixture Model (GMM).

ps(x) =
C∑
c

pcN (x;µc, Σc), (3)

with C the number of mixture components. We obtain the following formulation for the
temporal prior by combination with the dynamic prior pd(xt|xt−1).

p(xt|xt−1) ∝ pd(xt|xt−1) ps(xt) (4)

2.2 Likelihood Model
The representation of the subject’s image appearance is based on a rough figure-ground
segmentation. Under realistic imaging conditions, it is not possible to get a clean sil-
houette, therefore the image descriptor has to be robust to noisy segmentations to a



certain degree. In order to obtain a compact representation of the appearance of a per-
son, we apply Binary PCA [16] to the binary foreground images. The descriptors are
computed from the content of a bounding box around the centroid of the figure, and
10 to 20 BPCA components are kept to yield good reconstructions. The projection of a
new bounding box into the BPCA subspace is done in an iterative fashion, as described
in [16]. Since we model appearance in a generative top-down fashion, we also consider
the inverse operation that projects the low-dimensional image descriptors y back into
high dimensional pixel space and transforms it into binary images or foreground proba-
bility maps. By linearly projecting y back to the high-dimensional space using the mean
µ and basis vectors V of the Binary PCA, we obtain a continuous representation Yc that
is then converted back into a binary image by looking at its signs, or into a foreground
probability map via the sigmoid function σ(Yc).

p(Y = fg|y) ∝ σ(V T y + µ) (5)

Now we will look how the image appearance is linked to the LLE body pose repre-
sentation x. We model the generative mapping fa from pose x to image descriptors y
that allows to predict image appearance given pose hypotheses and fits well into gener-
ative inference algorithms such as particle filtering. In addition to the local body pose x,
the appearance depends on the global body orientation ω relative to the camera, around
the vertical axis. First, we map the pose x, ω into low dimensional appearance space y,

fa(x, ω) = WaΦa(x, ω) (6)

where the functional mapping fa(x, ω) is approximated by a sparse kernel regressor
(RVM) with weight matrix Wa and kernel functions Φa(x).

By plugging (6) into (5), we obtain a discrete 2d probability distribution of fore-
ground probabilities Seg(p) over the pixels p in the bounding box.

Seg(p) = p(p = fg|fa(x, ω)) (7)

From this pdf, a likelihood measure can then be derived by comparing it to the actually
observed segmented image Yobs, also viewed as a discrete pdf Obs(p), using the Bhat-
tacharyya similarity measure [17] which measures the affinity between distributions.

Obs(p) =p(p = fg|Yobs)

BC(x, ω, Yobs) =
∑
p

√
Seg(p)Obs(p) (8)

We model the likelihood measure as a zero mean Gaussian distribution of the Bhat-
tacharyya distance dBh = −ln(BC(x, ω, Yobs)), and obtain the observation likelihood

p(Yobs|x, ω) ∝ exp(− ln(BC(x, ω, Yobs))2

2σ2
BC

) (9)

3 Inference

In this section we will show how the 2d image position, body orientation, and body
pose of the subject are simultaneously estimated given a video sequence, by using the



learned models from the previous section within the framework of particle filtering. The
pose estimation as well as the image localisation can benefit from the coupling of pose
and image location. For example, the known current pose and motion pattern can help
to distinguish subjects from each other and track them through occlusions. We therefore
believe that tracking should happen jointly in the entire state space Θ,

Θt = [ωt, ut, vt, wt, ht, xt], (10)

consisting of the orientation ω, the 2d bounding box parameters (position, width and
height) u, v, w, h, and the body pose x.

Despite the reduced number of pose dimensions, we face an inference problem in
9-dimensional space. Having a good sample proposal mechanism like our dynamical
model is crucial for the Bayesian recursive sampling to run efficiently with a moder-
ate number of samples. For the monocular sequences we consider, the posteriors can
be highly multimodal. For instance a typical walking sequence, e.g. observed from a
side view, has two obvious posterior modes, shifted 180 degrees in phase, correspond-
ing to the left resp. the right leg swinging forward. When taking the orientation of the
figure into account, the situation gets even worse, and the modes are no longer well
separated in state space, but can be close in both pose and orientation. Our experiments
have shown that a strong dynamical model is necessary to avoid confusion between
these posterior modes and reduce ambiguities. Some posterior multimodalities do how-
ever remain, since they correspond to a small number of different interpretations of the
images, which are all valid and feasible motion patterns.

The precise inference algorithm is very similar to classical CONDENSATION [18],
with normalisation of the weights and resampling at each time step. The prior and like-
lihood for our inference problem are obtained by extending (4) and (9) to the full state
space Θ. In our implementation, the dynamical prior pd(Θi

t|Θi
t−1) serves as the sample

proposal function. It consists of the learned dynamical prior from eq. (2), and a simple
motion model for the remaining state variables θ = [ωt, ut, vt, wt, ht].

pd(Θi
t|Θi

t−1) = pd(xi
t|xi

t−1)N (θi
t; θ

i
t−1, Σθ) (11)

In practice, one may want to use a standard autoregressive model for propagating θ,
omitted here for notational simplicity. The static prior over likely body poses (3) and
the likelihood (9) are then used for assigning weights wi to the samples.

wi
t ∝ p(Y i

t |Θi
t)ps(Θi

t) = p(Y i
t |xi

t, ω
i
t)ps(xi

t) (12)

Here, i is the sample index, and Y i
t is the foreground probability map contained in the

sampled bounding box (ui
t, v

i
t, w

i
t, h

i
t) of the actually observed image. Note that our

choice for sample proposal and weighting functions differs from CONDENSATION in
that we only use one component (pd) of the prior (4) as a proposal function, whereas
the other component (ps) is incorporated in the weighting function.

4 Experiments

We evaluated our tracking algorithm on a number of different sequences. The main
goals were to show its ability to deal with noisy sequences with poor foreground seg-
mentation, very low resolution, and varying viewpoints.



Fig. 2. Circular walking sequence from [5]. The figure shows full frames (top), and cutouts with
bounding box in original or segmented input images and estimated poses. Darker limbs are closer
in depth.

Particle filtering was performed using a set of 500 samples, leading to a compu-
tation time of approx. 2-3 seconds per image frame in unoptimised Matlab code. The
sample set is initialised in the first frame as follows. Hypotheses for the 2d bounding
box locations are either derived from the output of a pedestrian detector that is run
on the first image, or from a simple procedure to find connected components in the
segmented image. Pose hypotheses xi

1 are difficult to initialise, even manually, since
the LLE parameterisation is not easily interpretable. Therefore, we randomly sample
from the entire space of feasible poses in the reduced LLE space to generate the ini-
tial hypotheses. Thanks to the low-dimensional representation, this works well, and the
sample set converges to a low number of clusters after a few time steps, as desired.

The described models were trained on a database of motion sequences from 6 dif-
ferent subjects, walking and running at different speeds. The data was recorded using an
optical motion capture system. The resulting sequences of body poses were normalised
for limb lengths and used to animate a realistic computer graphics figure in order to
create matching silhouettes for all training poses (see Fig. 1c). The figure was rendered
from different view points, located every 10 degrees in a circle around the figure. Due
to this choice of training data, our system currently assumes that the camera is in an ap-
proximately horizontal position. The training set consists of 4000 body poses in total.
All the kernel regressors were trained using the Relevance Vector Machine algorithm
(RVM) [8], with Gaussian Kernels. Different kernel widths were tested and compared
using a crossvalidation set consisting of 50% of the training data, in order to avoid
overfitting. 4 LLE dimensions were used, and 15 BPCA components.

The first experiment (Fig. 2) shows tracking on a standard test sequence3 from [5],
where a person walks in a circle. We segmented the images using background sub-

3 http://www.nada.kth.se/∼hedvig/data.html



Fig. 3. Diagonal walking sequence. Estimated bounding boxes and poses. The intensity of the
stick figure limbs encodes depth; lighter limbs are further away.

traction, yielding noisy foreground probability maps. The main challenge here is the
varying viewing angle that is difficult to estimate from the noisy silhouettes. Track-
ing through another publicly available sequence from the HumanID corpus is shown in
Figure 3. The subject walks in an angle of approx. 35 degrees to the camera plane. In
addition it is viewed from a slight top-view and shows limb foreshortening due to the
perspective projection. These are violations of the assumptions that are inherent in our
choice of training data, where we used horizontal views and orthographic projection.
Nevertheless the tracker performs well.

Figure 4 shows an extract from a real soccer game with a running player. The se-
quence was obtained from www.youtube.com, therefore the resolution is low and the
quality suffers from compression artefacts. We obtained a foreground segmentation by
masking the color of the grass. In Figure 5 we show a real traffic scene that was recorded
with a webcam of 320 × 240 pixels. The subjects are as small as 40 pixels in height.
Noisy foreground segmentation was carried out by subtracting one of the frames at the
beginning of the sequence.

Our experiments have shown that the dynamical model is crucial for tracking through
these sequences with unreliable segmentations and multimodal per-frame likelihoods.

5 Summary and Conclusion

We have proposed a learning-based approach to the estimation of 3d body pose and im-
age bounding boxes from monocular video sequences. The relationship between body



Fig. 4. An extract from a soccer game. The figure shows original and segmented images and with
estimated bounding boxes, and estimated 3d poses.

pose and image appearance is learned in a generative manner. Inference is performed
with a particle filter that samples in a low-dimensional body pose representation ob-
tained by LLE. A nonlinear dynamical model is learned from training data as well. Our
experiments show that the proposed approach can track walking and running persons
through video sequences of low resolution and unfavourable image quality.

Future work will include several extensions of the current method. We will explic-
itly consider multiple activity categories and perform action recognition along with the
tracking. Also, we will investigate different image descriptors, that do extract the rele-
vant image information more efficiently.
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7. Moeslund, T.B., Hilton, A., Krüger, V.: A survey of advances in vision-based human motion
capture and analysis. Comput. Vis. Image Underst. 104(2) (2006) 90–126

8. Tipping, M.: The relevance vector machine. In: NIPS. (2000)
9. Roweis, S., Saul, L.: Nonlinear dimensionality reduction by locally linear embedding. Sci-

ence, v.290 no.5500 , Dec.22, 2000, pp.2323–2326 (2000)
10. Agarwal, A., Triggs, B.: A local basis representation for estimating human pose from clut-

tered images. Proceedings of the Asian Conference on Computer Vision (ACCV) (2006)
11. Elgammal, A., Lee, C.S.: Inferring 3d body pose from silhouettes using activity manifold

learning. CVPR (2004)
12. Lim, H., Camps, O.I., Sznaier, M., Morariu, V.I.: Dynamic appearance modeling for human

tracking. In: Conference on Computer Vision and Pattern Recognition. (2006) 751–757
13. Wang, J.M., Fleet, D.J., Hertzmann, A.: Gaussian process dynamical models. In: Advances

in Neural Information Processing Systems 18. (2006) 1441–1448
14. Sminchisescu, C., Jepson, A.: Generative modeling for continuous non-linearly embedded

visual inference. International Conference on Machine Learning, ICML (2004)
15. Li, R., Yang, M.H., Sclaroff, S., Tian, T.P.: Monocular tracking of 3d human motion with a

coordinated mixture of factor analyzers. ECCV (2) (2006) 137–150
16. Zivkovic, Z., Verbeek, J.: Transformation invariant component analysis for binary images.

CVPR (1) 2006: 254-259 (2006)
17. Bhattacharyya, A.: On a measure of divergence between two statistical populations defined

by their probability distributions. Bull. Calcutta Math Soc. (1943)
18. Isard, M., Blake, A.: Condensation - conditional density propagation for visual tracking. Int.

J. Computer Vision (1998)


