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Abstract
Discriminative approaches for human pose estimation model the 
functional mapping, or conditional distribution, between image 
features and 3D pose. Learning such multi-modal models in high 
dimensional spaces, however, is challenging with limited training 
data; often resulting in over fitting and poor generalization. To 
address these issues latent variable models (LVMs) have been 
introduced. Shared LVMs attempt to learn a coherent, typically 
non-linear, latent space shared by image features and 3D poses, 
distribution of data in that latent space, and conditional distributions 
to and from this latent space to carry out inference. Discovering the 
shared manifold structure can, in itself, however, be challenging. 
In addition, shared LVMs models are most often non-parametric, 
requiring the model representation to be a function of the training 
set size. We present a parametric framework that addresses this 
shortcoming. In particular, we learn latent spaces, and distributions 
within them, for image features and 3D poses separately first, 
and then learn a multi-modal conditional density between these 
two low- dimensional spaces in the form of Gaussian Mixture 
Regression. Using our model we can address the issue of over 
fitting and generalization, since the data is denser in the learned 
latent space, as well as avoid the necessity of learning a shared 
manifold for the data.
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I. Inroduction
Automated Video Surveillance addresses real-time observation 
of people and vehicles within a busy environment leading to a 
description of their actions and interactions [1].Technical issues 
include moving object detection and tracking, object classification, 
human motion analysis, and activity understanding.
A standard surveillance system attempts to recognize the regions 
of interest in a video scene, i.e. the moving entities in the scene. 
The classification of the moving entity forms a critical part of 
the system, as the subsequent modules analyze the moving entity 
based on whether it is a vehicle, a human or a group of humans.
Each system employing its own unique classification technique. 
The System by Haritaoglu et al [2] is an extremely successful 
system reported in the literature for detection and tracking of 
people in a video sequence. It segments out the foreground pixels 
using a statistical background model and describes them as blobs. 
The blobs are classified into one of the three predetermined classes 
(single person, people in a group and other objects) using static 
silhouette shape and dynamic periodicity analysis. Cutler et al [3] 
presented a surveillance system which tries to detect and analyze 
the periodic motion in a moving entity using Time Frequency 
Analysis. It tries to classify the object into humans, running animal, 
vehicles etc depending on the periodic motion present inside the 
object. For example, a walking person exhibits significant periodic 
motion in his hand and leg regions. 
On the other hand, object classification in still images is quite 
a well developed field. Dalal et al [4] presented a novel system 
for recognizing humans in images using Histograms of Oriented 

Gradients. The algorithm is based on evaluating normalized local 
histograms of image gradient orientation in a dense grid. The 
method tries to characterize local object appearance and shape 
by a general idea of the distribution of local intensity gradients or 
edge directions. The system normalizes the image to a standard 
size before analyzing it. Hence the object should compose a 
significant portion of the image. To systematically search for a 
object in a image, Qiang Zhu et al. [5] used a Cascade of Histogram 
of Oriented Gradients combined with ADABOOST learning to 
search for humans in an image by taking search windows at various 
scales and locations in the image. To do so in a video sequence 
would be computationally quite expensive, as there would be 
around 15 to 30 images per second to search in, depending on 
the fps of the video.
Monocular pose estimation has been a focus of much research in 
vision due to abundance of applications for marker-less motion 
capture in activity recognition and human computer interaction. 
Despite much research, however, monocular pose estimation 
remains a difficult task, challenges include high-dimensionality of 
the state space, image clutter, occlusions, lighting and appearance 
variations, to name a few.
Most prior works can be classified into two classes of approaches: 
generative and discriminative. Generative approaches define an 
image formation model by predicting appearance of the body 
x given a hypothesized state of the body (pose) y; an inference 
framework is then used to infer the posterior, p(y|x) ∞ p(x|y)p(y) 
over time. Since the inference often takes the form of non convex 
search in a high-dimensional space of body articulations, these 
methods are computationally expensive and can suffer from local 
convergence (typically requiring a good initial guess for pose to 
seed the search).
Discriminative approaches [6] avoid building an explicit imaging 
model, and instead opt to learn regression function, y = f(x), that 
maps from image features, x, to 3D pose, y; or probabilistically, a 
conditional distribution p(y|x) directly. The main goal is to learn 
a model from labeled training data,{x(i), y(i)}N =1, that provides 
efficient and effective generalization for new examples at test 
time. The diffculty with this class of methods is twofold: (1) the 
conditional probability of pose given image features, p(y|x), is 
typically multi-modal: different image features can be explained 
by several poses and (2) learning high dimensional regression 
functions, or conditional distributions, using limited training data 
is challenging and often results in over fitting. Here we focus on 
discriminative pose estimation.
Discriminative methods can further be categorized into: parametric 
and non parametric. Parametric methods are appealing because the 
model representation is fixed1. Simple parametric models, e.g., 
Linear Regression (LR) [3] or Relevance Vector Machine (RVM) 
[3, 10], however, are (i) unable to deal with a multi-modal nature of 
the problem and (ii) unable to model the fine non-linear relationship 
between image features and pose. Non-parametric methods, e.g., 
Nearest Neighbor Regression [7] or Kernel Regression [8], are able 
to model arbitrary complex relationships between input features 
and output poses, subject to the availability of the training data.
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II. Related Work
The dynamical models used in many tracking algorithms are weak. 
Most models are linear with Gaussian process noise, including 
simple first- and second-order Markov models [3, 9], and Auto-
Regressive (AR) models [4]. Such models are often suitable for 
low-dimensional problems, and admit closed-form analysis, but 
they apply to a restricted class of systems. For high-dimensional 
data, the number of parameters that must be manually specified 
or learned for AR models is untenable. When used for people 
tracking they usually include large amounts of process noise, and 
thereby provide very weak temporal predictions. Switching LDS 
and hybrid dynamics provide much richer classes of temporal 
behaviors [8]. Nevertheless, they are computationally challenging 
to learn, and require large amounts of training data, especially as 
the dimension of the state space grows. Non-parametric models 
can also handle complex motions, but they also require very large 
amounts of training data [11] Further, they do not produce a density 
function. Howe et al [7] use mixture model density estimation to 
learn a distribution of short sequences of poses. Again, with such 
high-dimensional data, density estimation will have problems of 
under- and over fitting unless one has vast amounts of training 
data.

III. Existing Work
Non-parametric regression methods rely on manifold local 
smoothness in typically high dimensional input/output spaces 
to model the regression function; however, they can suffer from 
local sparsity problems. When the data is sparse (which is typically 
the case for high-dimensional spaces) and a test point is far from 
the training data, the kernels tend to produce poor estimates. In 
addition, the complexity of non-parametric methods is typically 
a function of the training set size (e.g., O(N) for KIE and O(N2) 
for GPLVM), making them hard to scale to large datasets. In this 
paper, we employ a parametric Gaussian Mixture Regression to 
address these problems.
VISION BASED human motion tracking has been a fundamental 
open problem, with pervasive real-world applications [1], such 
as surveillance, rehabilitation, diagnostics, and human computer 
interaction. Suffering from the intrinsic visual-to-pose ambiguity, 
however, all the discriminative approaches have the same difficulty 
of effectively modeling multimodal conditional distributions with 
small-size training data in a high-dimensional space.

IV. Proposed System

A. Gaussian Mixture Regression
Non-parametric regression methods rely on manifold local 
smoothness in typically high-dimensional input/output spaces 
to model the regression function; however, they can suffer from 
local sparsity problems. When the data is sparse (which is typically 
the case for high-dimensional spaces) and a test point is far from 
the training data, the kernels tend to produce poor estimates. In 
addition, the complexity of non-parametric methods is typically 
a function of the training set size (e.g., O(N) for KIE and O(N2) 
for GPLVM), making them hard to scale to large datasets. In this 
paper, we employ a parametric Gaussian Mixture Regression to 
address these problems.
Given observations (e.g., image features), x 2 Rdx , and targets 
(e.g., 3D poses), y 2 Rdy, where dx is dimensionality of the 
observation, and dy is dimensionality of the target space, we 
assume the joint data samples, (x, y), follow the Gaussian mixture 
distribution with K mixture components, 

   (1)
Where P(x, y; ᶙk,^k) is the multivariate 

Gaussian density function. The parameters of model include prior 
weights,πk, means, and variances,^k = [^k;x,^k;xy,^k;yx ,^k;y], 
of each Gaussian component.
The joint density can be expressed as the sum of the products of 
the marginal density of x, and the probability density function of 
y conditioned on x:

  (2)
Similarly, the marginal distribution,

  (3)
is also a mixture.
The global regression function can be obtained by combing (2) 
and (3):

 (4)
This can be expressed as a mixture of conditional distributions,

where the mixing weights wk are defined as:

   (5)
The mean and the variance of the conditional distribution P(y|x) 
can be acquired in closed form by:

   (6)

   (7)
The learning can be achieved with a simple Gaussian Mixture 
Model, using Expectation Maximization (EM) procedure with 
K-means initialization. The prediction given a new input can be 
obtained by computing expectation over P(y|x):

    (8)
Alternatively, if the conditional relationship is truly multi-modal, 
it is better to look at the modes given by mj directly. In general, 
we can have up to K distinct modes in the conditional distribution 
for a given input, x.
Relationship to Other Methods. Notice that the regression function 
(8) derived from the joint mixture Gaussian density is of the form 
of a kernel estimator. However, there is a key difference with non-
parametric regression: the mixture weights, wk, are not determined 
by the local structure of the data, but rather by the components of 
a global Gaussian mixture model.
The Nadaraya-Watson kernel smoother [10] is a Gaussian Mixture 
Regression model with K = N components, where N is the total 
number of training points. At the other end of the spectrum, K = 1 
is approximately the classical linear regression model. Hence, the 
Gaussian Mixture Regression model can, in principal, represent a 
spectrum of regression models, ranging from the non-parametric 
kernel regression, where K = N, to the classical linear regression, 
K = 1.
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B. Latent GMR Body Pose Estimation
We could use image features for inputs and 3D poses for targets 
and learn a GMR model in the original high-dimensional space. 
This has two shortcomings, however: (1) this would involve 
estimation of large number of parameters and hence require lots 
of training data, and (2) this assumes essentially a piece-wise 
multi-linear relationship between image features and 3D pose. 
For these reasons, we postulate that learning GMR in the latent 
space of both, image features and pose, actually results in better 
generalization and overall quality of the model.
To test this assumption we run a simple illustrative experiment 
with canonical correlation analysis. Canonical correlation analysis 
(CCA) [22] is a technique to extract common features from a pair 
of multivariate data. CCA, first proposed by Hotelling in 1936 [9], 
finds linear basis vectors for two sets of variables, such that the 
correlation between the projections of variables onto these basis 
vectors are mutually maximized. We learn two CCA models based 
on 200 image-pose pairs: one for raw silhouette binary features 
€ R2450 and pose features encoded using 3D joint positions € 
R69 (Fig. 2 (left)); and one for latent projections of the image 
and poses into 100 and 7 dimensional linear subspaces, obtained 
using PCA.

Fig. 1: Canonical Component Analysis of the Silhouette and the 
Human Pose in the Original and Latent Spaces (See Text for 
More Details)

C. Locality Preserving Projections
Nonlinear dimensionality reduction techniques like Isomap 
[4], Locally Linear Embedding [7], or Gaussian Process Latent 
Variable Models [10] identify a low dimensional embedding of 
the data, but are defined only for the training data points (i.e., only 

give a mapping from the manifold to the original data space); it 
is unclear how to obtain a latent position for a new test points. 
This makes inference challenging, often involving optimization 
of the latent position based on the initial guess given by a set of 
nearest neighbors in the original space.
In contrast, the Locality Preserving Projections (LPP) [19], like 
PCA, can be simply applied to any new data point to locate it in 
the reduced representation space by finding the optimal linear 
approximations to the eigen functions of the Laplace Beltrami 
operator on the manifold. Therefore, we use LPP to find low 
dimensional embeddings of both image features and 3D poses.

D. Learning
Learning of the proposed model, is formulated as a three step 
procedure. Given a dataset of labeled feature-pose pairs, {x(i); 
y(i)}Ni=1, we: (1) learn a low-dimensional embedding of the 3D 
pose data, {y(1),y(2),…, y(N)}, by solving optimization in Eq. 9; 
(2) learn a low-dimensional embedding of the image features by 
solving similar optimization for{x(1), x(2),… x(N)} (3) learning a 
Gaussian Mixture Model (GMM) for the latent features and pose 
representations,{z(i)x , z(i)y}Ni=1 , obtained in (1) and (2).

E. Inference
Given a learned model, the inference for a new test image, 
represented in terms of image features ^x, involves: (1) getting 
a latent representation of ^x, ^zx, by applying a learned LPP 
mapping, Ax; (2) closed form conditioning of Gaussian Mixture 
Model (GMM), using ^zx, to obtain a Gaussian Mixture 
Regression(GMR) function; (3) inferring the latent 3D pose, 
^zy, by either computing expectation over GMR (for uni-modal 
predictions) or using modes (for multi-modal predictions); (4) 
reconstructing the high-dimensional 3D pose from the latent 
estimate(s), by applying an inverse LPP mapping, Ay.

F. Experiments
We test the performance of our method on three datasets: (1) Poser 
dataset { synthetic sequences produced by Poser software [5], (2) 
CMU dataset { real image/mocap dataset publicly available from 
[6], and (3) standard dataset with provided error metrics made 
available by Agarwal and Triggs [3].
Poser dataset
We synthesize image data from motion capture sequences using 
Poser 7 software. The motion sequences come from 8 categories: 
walk, run, dance, fall, prone, sit, transitions and misc (see Fig.2). 
A total of 5 sequences within each category are broken into: 3 
training and 2 testing sequences, with each sequence containing 
approximately 500 frames. The size of each synthetic image is 
500X 490. We represent body pose in terms of 3D positions of 23 
joints, resulting in dy = 69. All poses are represented in relative 
terms by subtracting the skeleton root (pelvis) from all other joint 
centers in every frame.

Fig. 2: Synthesized Data Generated by Poser 7 Software

V. Conclusion
In this paper, we present a parametric discriminative framework 
for 3D pose inference. Our model has a number of appealing 
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properties, mainly: (1) it can deal with multi-modalities in the 
data, (2) model complex structure of the image feature and pose 
manifolds, (3) provides both forward and backwards mapping 
between the respective manifolds and original image feature 
or pose spaces, simplifying the inference and (4) alleviates the 
need for learning, a sometimes hard to obtain shared non-linear 
manifold structure. We show that our performance is comparative 
or superior to parametric and non-parametric models in the original 
high-dimensional space. In the future, we intend to look at learning 
the model in a unified manner through a single (as opposed to 
stage-wise) learning procedure.

Fig. 3: Evaluation on Various Techniques for Human 
Movements
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