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Abstract
We describe a learning-based method for recovering 3D human 
body pose from single images and monocular image sequences. Our 
approach requires neither an explicit body model nor prior labeling 
of body parts in the image. Instead, it recovers pose by direct 
nonlinear regression against shape descriptor vectors extracted 
automatically from image silhouettes. For robustness against 
local silhouette segmentation errors, silhouette shape is encoded 
by histogram-of-shape-contexts descriptors. We evaluate several 
different regression methods: ridge regression, Relevance Vector 
Machine (RVM) regression, and Support Vector Machine (SVM) 
regression over both linear and kernel bases. The RVMs provide 
much sparser regression without compromising performance, 
and kernel bases give a small but worthwhile improvement in 
performance. The loss of depth and limb labeling information often 
makes the recovery of 3D pose from single silhouettes ambiguous. 
To handle this, the method is embedded in a novel regressive 
tracking framework, using dynamics from the previous state 
estimate together with a learned regression value to disambiguate 
the pose. We show that the resulting system tracks long sequences 
stably. For realism and good generalization over a wide range of 
viewpoints, we train the regression on images re-synthesized from 
real human motion capture data. The method is demonstrated for 
several representations of full body pose, both quantitatively on 
independent but similar test data and qualitatively on real image 
sequences. 
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I. Introduction
Human motion detection has many real world applications. By 
detecting human motion expert systems can take decisions. The real 
time applications [1] of human motion detection include human 
computer interaction, diagnostics, rehabilitation, monitoring of 
certain areas for human movements, and video surveillance. This 
kind of application is very useful both in civilian and military 
applications where human being’s motion can be tracked and 
appropriate decisions can be taken automatically. There are many 
approaches for human motion detection. However, an approach 
named “discriminative approach” [2] is widely used in real world 
applications. Many researches [3-4] were made on the concept 
of discriminative framework. They proposed visual observations 
mapped to configurations of human pose. The methods used 
involve nearest neighbor retrieval [5], regression [6], manifold 
learning [7] and probabilistic mixture of predictions approach [3]. 
Discriminative approaches have a difficulty due to visual-to-pose 
ambiguity with respect to modeling multimodality. In order to 
handle multimodality some approaches came into existence. One 
of them is the category of model mixtures. The conditional BME 
is also effective in case of ultimodality. 
This is achieved by BME with the help of input sensitive gate 
function. 

A. Background
Model-based control, e.g., computed torque control [9] as shown 
in Figure 1, enables high speed and compliant robot control while 
achieving accurate control with small tracking errors for su ciently 
precise robot models. The controller is supposed to move the robot 
that is governed by the system dynamics [9]
M (q) q• + C (q; q_) + G (q) + (q; q_; q•) = u (1)
where q, q_, q• are joint angles, velocities and accelerations of 
the robot, respectively, u denotes the applied torques, M (q) the 
inertia matrix of the robot and C (q; q_) Coriolis and centripetal 
forces, G (q) gravity forces and (q; q_; q•) represents nonlinearities 
of the robot which are not part of the rigid-body dynamics due to 
hydraulic tubes, friction, actuator dynamics, etc.
The model-based tracking control law determines the joint torques 
u necessary for following a desired trajectory qd, q_d, q•d using 
a dynamics model while employing feedback in order to stabilize 
the system. For example, the dynamics model of the robot can be 
used as a feed-forward model that predicts the joint torques uFF 
required to perform the desired trajectory while a feedback term 
uFB ensures the stability of the tracking control with a resulting 
control law of u = uFF + uFB. The feedback term can be a linear 
control law such as uFB =Kpe+ Kve_, where e=qd q denotes 
the tracking error and Kp; Kv position-gain and velocity-gain, 
respectively. If an accurate model in the form of Equation (1) 
can be obtained, e.g., for negligible unknown nonlinearities, the 
resulting feedforward term uFF will largely cancel the robots 
nonlinearities [9].

B. Problem Statement
For complex robots such as humanoids or light-weight arms, it 
is often hard to model the system su ciently well using the rigid 
body dynamics. Unknown nonlinearities (q; q_; q•) such as exible 
hydraulic tubes, complex friction, gear boxes, etc, couple several 
degrees of freedom together and result

II. Nonparametric Regression Methods
As any realistic inverse dynamics is a well-de ned functional 
mapping of continuous, high-dimensional inputs to outputs of 
the same kind, we can view it as a regression problem. Given 
the input x 2 Rn and the target y 2 Rn, the task of regression 
algorithms is to learn the mapping describing the relationship 
from input to target using samples. In this section, we will review 
the locally Weighted Projection Regression (LWPR) and the 
Gaussian Process Regression (GPR). Locally-weighted projection 
regression is currently the standard real-time learning method in 
robot control applications and has been shown to scale into very 
high-dimensional domains [1-2, 15]. However, it also requires 
skillful tuning of the meta parameters for the learning process 
in order to achieve competitive performance. Gaussian process 
regression on the other hand achieves a higher performance [4,16] 
with very little tuning but also su ers of a signi cantly higher 
computational complexity.
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A. Regression with LWPR
LWPR predicts the target values by approximating them with a 
combination of M individually weighted locally linear models. 
According to the Bayesian theorem, the probability of the model 
k given query point x can be expressed as with = xT ̂  and x = [(x 
c )T 1]T , where is the weight or attributed responsibility of the 
model, contains the estimated parameters of the model and c is 
the center of the linear model.
The weight wk determines whether a data point x falls into the 
region of validity of model k, similar to a receptive eld, and is 
usually characterized with a Gaussian kernel Where Dk is a 
positive de nite matrix called the distance matrix. During the 
learning process, both the
Shape of the receptive elds D and the parameters of the local models 
are adjusted such that the error between the predicted values and 
the observed targets is minimal. The regression parameter k can be 
computed incrementally and online using the partial least squares 
method [1,15]. The distance matrix Dk determines the size and 
shape of each local model; it can be updated incrementally using 
leave-one-out cross validation [2].

B. Comparison of these Approaches
The major drawback of LWPR is the currently necessary manual 
adjustment of the metaparameters1data dependent making it di cult 
to nd an optimal set of parameters. Furthermore, as linear models 
are used in LWPR, a large number of local models may be required 
to achieve competitive prediction accuracy, since only relatively 
small regions can be t using such linear models. Nevertheless, 
LWPR is the fastest and most task-appropriate real-time learning 
algorithm for inverse dynamics to date; currently, it can be 
considered the state of the art in real-time learning. On the other 
hand, GPR is more comfortable to apply while often achieving 
a higher prediction accuracy. All open parameters of a Gaussian 
process model, i.e., the hyperparameters , can be automatically 
adjusted by maximizing the marginal likelihood. As a result, GPR 
is relatively easy and exible to use. However, the main limitation 
of standard GPR is that computational complexity scales cubically 
with the number of training examples. This drawback prevents 
standard GPR from applications which need large amounts of 
training data and require fast computation, e.g., model online 
learning for robot control.

III. Local Gaussian Process Regression
Model learning with GPR su ers from the expensive computation 
of the inverse matrix (K + n2I) 1 which yields a cost of O(n3), see 
Equation (7). Inspired by locally weighted regression [1-2], we 
propose a method for speed-up the training and prediction process 
by partitioning the training data in local regions and learning an 
independent Gaussian process model (as given in Section II.B) 
for each region. The number of data points in the local models 
is limited, where insertion and removal of data points can be 
treated in a principled manner. The prediction for a query point is 
performed by weighted average similar to LWPR. For partitioning 
and weighted prediction we use a kernel as similarity measure. 
Thus, our algorithm consists out of three stages

clustering of data, i.e., insertion of new data points into the • 
local models
learning of corresponding local models• 
prediction for a query point.• 

A. Partitioning of Training Data
Clustering input data can be performed e ciently using a similarity 
measure between the input point x and the centers of the respective 
local models. From a machine learning point of view, the similarity 
or proximity of data points can be de ned in terms of a kernel. 
Kernel functions represent the dot product between two vectors in 
the feature space and, hence, naturally incorporate the similarity 
measure between data points. The clustering step described in 
this section results from the basic assumption that nearby input 
points are likely to have similar target values. Thus, training points 
that belong the same local region (represented by a center) are 
informative about the prediction for query points next to this 
local region.
A speci c characteristic in this framework is that we take the kernel 
for learning the Gaussian process model as similarity measure 
wi for the clustering process. If a Gaussian kernel is employed 
for learning the model, the corresponding measure will be where 
ci denotes the center of the i-th local model and W a diagonal 
matrix represented the kernel width. Note that this measure will 
result in the same weighting as in LWPR, see Equation (4). It 
should be emphasized that for learning the Gaussian process 
model any admissible kernel can be used. Thus, the similarity 
measure for the clustering process can be varied in many ways, 
and, for example, the commonly used Matern kernel [16] could 
be used instead of the Gaussian one. For the hyper parameters 
of the measure, such as W for Gaussian kernel, we use the same 
training approach as introduced in Section 2.2. Since the hyper 
parameters of a Gaussian process model can be achieved by 
likelihood optimization, it is straightforward to adjust the open 
parameters for the similarity measure. For example, we can sub 
sample the available training data and, subsequently, perform the 
standard optimization procedure. After computing the proximity 
between the new data point xnew and all available centers, the 
data point will be included to the nearest local model, i.e., the one 
with the maximal value of wi. As the data arrives incrementally 
over time, a new model with center ci+1 is created if all similarity 
measures wi fall below a threshold wgen. The new data point is 
then used as new center ci+1 and, thus, the number of local models 
will increase if previously unknown parts of the state space are 
visited. When a new data point is assigned to a particular i-th 
model, i.e., maxi wi(x) > wgen the center ci will be updated to 
the mean of corresponding local data points.

IV. Conclusion
We have presented a novel temporal-spatial combined local GP 
experts model for efficient estimation of 3-D human pose Fig. 
8. 3-D bar visualization of the impacts of the number of experts 
and the size of each expert on the performance. from monocular 
images. Our model is essentially a type of mixture of GP experts 
in which we incorporate both spatial and temporal information into 
a seamless system to handle multimodality. The local experts are 
trained in the local neighborhood. Different from previous work, 
the neighborhood relationship is defined in the unified input-output 
space. Therefore, we can flexibly handle two-way multimodality. 
Learning and inference of this model are extremely efficient 
because both spatial and temporal local experts are defined online 
within very small neighborhoods. As an extension of our previous 
research in [15], extensive comparative experiments on the real-
world HumanEva database and PEAR database have validated 
the efficacy of the proposed model by achieving accurate human 
motion tracking results. As a generalized model, its adaption to 
other scenarios is feasible and straightforward. In the future work, 
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we will explore the automatic switch mechanism to deal
with the large temporal jump and discontinuity
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