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Abstract

In this work a comparative analysis of nonlinear feature extraction techniques is performed,

in order to determine which method is suitable for motion analysis from image and video

sequences. Each method is experimentally assessed on artificial and real-world data sets

that allow us to visually and quantitatively confirm whether the embedding results were

correctly calculated. Then, we propose a framework to find a low-dimensional embedding

for data lying on multiple manifolds, which is a common situation in real-world applications

such as video and image analysis. This approach is inspired on the Laplacian Eigenmaps -

LEM algorithm, computing the relationships among samples of different datasets based on

an intra manifold comparison to properly unfold the underlying data structure. The main

advantage of this methodology is the possibility for analyzing videos with different condi-

tions, e.g. different amount of frames and/or different image resolution. Finally, we present

a methodology for automatic human action recognition, which is based on a new supervised

feature extraction technique that includes class label information in the mapping process

to enhance both the underlying data structure unfolding and the margin of separability

among classes. The presented methodology shows the ability to recognize human actions on

a benchmark database, and to be fast enough to be implemented in online applications.

Keywords: Motion analysis, Nonlinear feature extraction, Image Processing, Dimension-

ality Reduction, Image Processing, Pattern Recognition
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Resumen

En este trabajo se realiza un análisis comparativo entre técnicas de extracción no lineal

de caracteŕısticas, con el fin de determinar cual de ellas es la más apropiada para reali-

zar análisis de movimiento a partir de secuencias de imágenes y v́ıdeo. Cada método fué

evaluado experimentalmente en bases de datos artificiales y reales, las cuales permiten con-

firmar visual y cuantitativamente si las inmersiones fueron calculadas correctamente. Por

otra parte, se propone una metodoloǵıa para calcular un espacio de baja dimensón común

para datos que provienen de variedades múltiples, lo cual es usual en aplicaciones de la vida

real relacionadas con análisis de imágenes y v́ıdeo. Dicha propuesta está basada en el algo-

ritmo de extracción no lineal de caracteŕısticas Laplacian Eigenmaps - LEM, y consiste en

calcular las relaciones entre observaciones de diferentes conjuntos de datos a partir de una

comparación con las relaciones entre los puntos que pertenecen a la misma variedad. La

principal ventaja de la metodoloǵıa propuesta es que permite encontrar un espacio de baja

dimensión para datos heterogéneos, por ejemplo, v́ıdeos que presenten diferente número de

de frames y/o diferente resolución de entrada. Finalmente, se presenta una metodoloǵıa para

reconocimiento automático de acciones humanas a partir de secuencias de video, la cual esta

basada en una novedosa técnica supervisada de extracción no lineal de caracteŕısticas que

incluye la información de clase en el proceso de reducción de dimensión, mejorando tanto la

representación de los datos como el margen de separabilidad entre clases. La metodoloǵıa

propuesta tiene la capacidad de reconocer acciones humanas en una base de datos reconocida

en el estado de arte, y es lo suficientemente rápida para ser utilizada en aplicaciones en ĺınea.

Palabras clave: Análisis de movimiento, Extracción no lineal de caracteŕısticas, Proce-

samiento de imágenes, Reducción de dimensión, Reconocimiento de patrones.
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1. Introduction

Vision-based motion analysis aims to detect, identify, and track objects, in other words, it

seeks to understand objects behaviors from image sequences. Considering the growing pres-

ence of video data and its increasing importance in a wide range of real-world applications,

such as, visual surveillance, human-machine interfaces, and sport event interpretation, it is

becoming increasingly important to automatically analyze and understand object/subject

motions from large amount of video data. Thence, this research area has received growing

interest in recent years [1], particularly, the applications of human motion analysis are wide.

For instance, researchers in the fields of biomechanics, medicine, sports, and rehabilitation

study human locomotion for evaluating joint forces and moments that control motion and

posture [2, 3]. Such studies are fundamental for understanding the mechanics of normal

and pathological movement [4]. In computer vision, human motion analysis has emerged as

an important area of research, motivated by the desire for improved man - machine inter-

faces [5]. Specifically, recognizing human activities from video is one of the most promising

applications of computer vision [6].

Although there has been a lot of progress in the past decades, there are challenging prob-

lems that remain unsolved, e.g., robust object/subject detection and tracking, unconstrained

object/subject activity recognition, etc. Recently, statistical machine learning algorithms,

such as manifold learning [7, 8], have been successfully applied in this area for object track-

ing, activity modeling, and recognition. In this sense, this techniques have strong potential

to further contribute to the development of robust and flexible vision systems. The process

of improving the performance of vision systems has also brought new challenges to the field

of machine learning and pattern recognition systems, taking into consideration that new

machine learning algorithms are able to address more realistic problems in object motion

analysis and understanding.

However, in computer vision systems, it is difficult to analyze the available information

due to its complexity and the large amount number of features present in video and image

sequences. Thereby, to apply techniques for motion modeling, tracking, or classification

can be problematic, being necessary to calculate compact representations of the original

data. That is, the dimensionality of the feature space should be reduced [9]. In this re-

gard, finding low-dimensional representations of high-dimensional data, such as video and

image sequences, is a common problem in data mining, pattern recognition and machine

learning. The nonlinear feature extraction methods (also known as nonlinear dimensionality

reduction methods) allow to discover the underlying data structure, diminishing irrelevant
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or redundant information, and obtaining a graphical representation for visual analysis. How-

ever, traditional dimensionality reduction techniques compute linear transformations of the

observations [10], and cannot correctly reveal the underlying structures of data that lie on

nonlinear manifolds. Hence, it is necessary to explore some nonlinear alternative methods.

Therefore, nonlinear dimensionality reduction algorithms based on manifold learning are

commonly used. These techniques aim to compute a low-dimensional representation of the

input data, discovering a small number of factors that suitably model the studied phenomena.

For example, suppose we have a collection of frames taken from a video of a rotating object.

The dimensionality of the dataset is given by the number of pixels in a frame, which is

generally very large. Nevertheless, the images are actually governed by only a couple of

degrees of freedom (e.g. the angle of rotation and lighting). Such relationship, even though

can be consider as nonlinear globally, it is often smooth and approximately linear in a local

region [11, 12]. Thence, it is reasonable to presume that the high-dimensional data lie on

a manifold, defined by a smaller set of characteristics than in the original feature space.

Again, manifold learning techniques have been successfully applied as a tool to analyze

video and image datasets [13–15]. There are different methods for nonlinear dimensionality

reduction based on manifold learning, such as: Isometric Feature Mapping (ISOMAP) [16],

Maximum Variance Unfolding (MVU) [17], Laplacian Eigenmaps (LEM) [18], Locally Linear

Embedding (LLE)[12], among others.

Given the diversity of methods for nonlinear dimensionality reduction that have emerged,

choosing a specific technique to analyze data that resides on manifold with nonlinear and

complex structures has become a difficult task. It is necessary to study thoroughly each

method to assess the effectiveness and performance. Motivated by the lack of a systematic

comparison of nonlinear dimensionality reduction techniques, this work presents a compara-

tive study of the traditional linear dimensionality reduction technique (Principal Component

Analysis - PCA), and some nonlinear feature extraction methods. We tested the methods on

synthetic data and real world-datasets for visualization purposes. In this sense, the analysis

allow to establish wish of them are suitable to perform dimensionality reduction preserving

simultaneously both global and local structure of data. For this purpose, a measure of the

quality of the embedding is used and computational load is considered.

On the other hand, methods for nonlinear feature are constrained to single manifold

datasets. Considering that in real world applications, like video and image analysis, datasets

with multiple manifolds are common, we propose a framework to find a low-dimensional em-

bedding for data lying on multiple manifolds. Our approach is inspired on the manifold

learning algorithm LEM, computing the relationships among samples of different datasets

based on an intra manifold comparison to unfold properly the data underlying structure.

The main advantage of the proposed methodology is the possibility for analyzing dissimilar

objects/subjects in appearance but with a common behavior. Moreover, it allows to deal

with objects/subjects that have different input dimensions and number of samples among

manifolds.


