
Human Action Recognition Based on
Linear and Non-linear Dimensionality
Reduction using PCA and ISOMAP

ISABEL SERRANO VICENTE

Masters’ Degree Project
Stockholm, Sweden 2006

XR-EE-RT 2006:015



Supervisor: Danica Kragic

Phone: +468 790 67 29

E-mail: danik@nada.kth.se

Examiner: Bo Wahlberg

Phone: +468 790 72 42

Email: bo.wahlberg@s3.kth.se

Author: Isabel Serrano Vicente

Phone: +46 739 49 31 83

E-mail: isasevi@gmail.com

Royal Institute of Technology KTH,
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Abstract

Understanding and interpreting dynamic human actions is an important area of re-

search in the field of computer vision and robotics. In robotics, it is closely related to

task programming. Traditionally, robot task programming has required an experienced

programmer and tedious work. By contrast, Programming by Demonstration is an in-

tuitive method that allows to program a robot in a very flexible way. The programmer

demonstrates or shows how a particular task is performed and the robot learns in an

efficient and natural manner how to imitate or reproduce the human actions. Here,

we develop a general policy for learning the relevant features of a demonstrated activ-

ity and we restrict our study to imitation of object manipulation activities. A Nest of

Birds magnetic tracker is used for activity recognition and two different dimensionality

reduction techniques are applied.

The first one uses linear dimensionality reduction in order to find the underlying

structure of the data. Particularly, Principal Component Analysis (PCA) is used to

learn a set of principal components (PCs) to characterize the data. The main problem

using PCA is that linear PCs cannot represent the non-linear nature of human motion.

The second method uses a non-linear dimensionality reduction technique. Specif-

ically, spatio-temporal Isomap is applied to uncover the intrinsic non-linear geometry

of the data, and it is captured through computing the geodesic manifold distances be-

tween all pairs of data points.

For classification purposes, both PCA and ST-Isomap can be viewed as a pre-

processing step. When the dimensionality of the input data is so high that becomes

intractable, most classification methods will suffer and even fail in their goals due to

their sensitivity to the input data dimensionality. Fortunately, high dimensional data

often represent phenomena that are intrinsically low dimensional. Thus, the problem

of high dimensional data classification can be solved by first mapping the original data

into a lower dimensional space using a dimensionality reduction method such as PCA

or ST-Isomap and then applying K-nearest neighbors (K-NN), radial basis functions



(RBF) or any other classification method to classify of the query sequence.

In the first stage of our work, PCA combined with k-means clustering is applied.

In the second stage of our work, spatio temporal Isomap (ST-Isomap) combined

with Shepard’s interpolation is applied.

For classification purposes, simple Euclidean distances are used.

The experimental evaluation shows that a linear dimensionality reduction tech-

nique can not find the intrinsic structure of human motions due to their non-linear

nature. In contrary, a non-linear one, such as spatio-temporal Isomap is able to un-

cover a low dimensional space in which the data lies facilitating the classification step

in a much better way than PCA.
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Chapter 1

Introduction

1.1 Motivation

Classification of human activities is an important research problem in the field of

robotics. In our daily lives, we interact with other people and objects and nearly uncon-

sciously a human performs thousands of actions everyday. For other human, looking

at those activities is enough to understand their aim, but how do we equip a robot with

such a capability?

Robots and computerized machines have become a new element in our society.

They increasingly influence our lives helping us with all kind of chores and emerging

the concept of ”Human Machine Interaction”. There are so many different scenarios

in which a robot can help us that we can not expect the robot to be programmed in

advanced for all of them. Programming by Demonstration (PbD) allows the transfer of

task knowledge from an expert teacher to a learner through the use of demonstrations,

[1].

The goal of this master thesis is to develop a method to accurately recognize human

activities. Activities are important for instructing robot in both what and how to do, as

well as for the robot to understand what a human is doing by just observing. In order

to recognize activities, we address the generic issue of how to discover the essence of

the activity.

We aim at achieving a reliable recognition of different but very similar activities

after generating training examples of each one using different subjects. The procedures

are intended to be used as a part of an interactive interface for a programming by

demonstration system.

In the nextcoming sections, we mention a few different research areas in which the
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research pursued in this thesis is of key importance.

1.1.1 Programming by Demonstration

In the past, most of the robot system design power was in the hands of the professional

programmer rather than the end user. Nowadays, Programming by Demonstration has

become an important research topic in robotics. As defined in [2], Programming by

Demonstration refers to techniques for automating operations in which the user first

executes a sequence of activities and the system infers a general model, which can be

used in another setting or for another activity. Work in this area deals with the develop-

ment of robust algorithms for motor control, motor learning, gesture recognition and

visuo-motor integration, and although the field has existed since 1975, recent develop-

ments, taking inspiration in biological mechanisms of imitation, have brought a new

perspective.

Particularly, robot Programming by Demonstration is a method that allows end

users to create, customize, and extend robot’s capabilities by demonstrating what or

how the robot should do.

The first step in a Programming by Demonstration system is the demonstration

step. For instance, laying the table comprises several activities such as putting down

the clutery and dishes, and folding or rotating the napkins. In the demonstration step

the user demonstrates those activities while the sensory system perceives and records

each of the activities. The way in which the system perceives the demonstrations

depends on the type of sensors used, i.e. magnetic sensors, infrared sensors, camera

sensors, pressure sensors. Different types of sensors will be explained in more detail

in Section 2.2.

However, the way in which the system perceives the demonstrations depends not

only on the type of sensors used but also what the sensors measure. In other words,

imagine that we are using magnetic sensors placed on the demonstrator’s arm in order

to learn how putting down the clutery or folding the napkins are performed. Let us say

that we have four sensors placed along the user’s arm. Obviously, it is not the same to

measure the position of the sensors than to measure their orientation. In other words,

measuring only the position, the robot can be focus on the initial and final position of

the object on the table rather than on how exactly the movement was performed. On

the contrary, measuring the orientation might result in learning the trajectory of the

movements rather that the initial and final position of the objects on the table.

What is more, sometimes it can happen that the dimensionality of the sensor’s mea-
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surements is so high that it becomes intractable. For example, the output of a vision

system consists of a set of images at a given sample rate. The resolution of the images

may be 640x480 pixels, which means that the input data has 307200 dimensions. It

stands to reason that most of the classification methods suffer and even fail in their

goals when dealing with such kind of data due to their sensitivity to the dimensionality

of the input data.

Once the human activities have been demonstrated and recorded, a dimensionality

reduction technique may be needed in order to find a lower dimensional representation

of the data. Both, linear (such as PCA) and non-linear (such as Isomap) dimensionality

reduction techniques can be applied to reduce the dimensionality of the data. The

choice of one or the other depends on the intrinsic nature of the data set. Nevertheless,

as it was mentioned before, to reduce the dimensionality of the data can be viewed as

a pre-processing step for classification purposes.

The next step in a Programming by Demonstration system is to recognize and

classify human activities, i.e. to differentiate the activity of putting down the clutery

from rotating the napkins.

At this point we have already demonstrated how to set a table, the system has per-

ceived, recorded, processed and classified all the activities involved in laying the table.

Let us say that the system has learned the way in which a table is set. Finally, the robot

should be able to lay the table performing the same activities that were demonstrated

before (putting down the clutery, folding the napkins...). Nevertheless, kinematically

speaking human and robot are very different. Human’s freedom of movement might

be five or six times higher than the robot’s one, and mapping the activities performed

by the user on the robot can have some limitations.

Although at the first look the problem seems simple (What could be hard in repeat-

ing what someone already showed?), human-robot teaching by demonstration poses

numerous challenges:

1. The robot’s sensing capabilities are limited and different from human perception.

What is the best way to perform demonstrations for robots so as to maximize

knowledge transfer? In other words, how to demonstrate the activities taking

into account the perception system of the robot (i.e. type of sensors and sensor’s

measurements on the robot).

2. The robot’s body is different than a human’s body. What matching mechanism

is needed to create the mapping between a teacher’s actions and the robot’s own

sensory-motor capabilities? For instance, the length of the human arm may be
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different from the robot’s one, and in case of laying a table some points on the

table can be un-reachable by the robot’s arm.

3. Learning is incremental, meaning that certain knowledge and skills could only

be learned if there is already an existing appropriate potential for that. What

should a robot learn and what are the system requirements for learning?

To conclude, in experiments on robot teaching by demonstration, imitation and

communication behaviors can be used by the demonstrator to drive the robot’s attention

to the demonstrated task. Continuing with the example of laying the table, the robot

should learn and imitate these actions by just observing them.

1.1.2 Human-Robot Interaction

Imitation and communication behaviors are important means of interaction between

humans and robots. The use of hand gestures is one way to design interface devices

for robot-human interaction. In particular, interpretation of hand gestures can help in

achieving the ease and naturalness of human-robot interaction. A metric of imitation

performance and a common representation to visual and motor systems are needed. To

achieve this, we have to take into account the following aspects:

• What should the robot imitate? Which features of the task are irrelevant and

which ones should be reproduced? I.e., should the robot consider the initial and

final position of the clutery on the table or should it reproduce the way in which

the clutery was moved?

• Does imitation speed up skill learning in robots? I.e., is programming by demon-

stration an efficient tool to teach a robot?

• What are the costs of imitation learning? Are they higher than manually pro-

gramming the robot as it was used to be?

• How could we define a general metric of imitation performance?

• Are there skills that could not be acquired without demonstration? In other word,

are the activities learnt by programming a robot in advance more natural than

teaching the robot how an activity is performed by demonstration?
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• Should gesture recognition and motor learning algorithms be context-specific?

In other words, should they depend on the environment of every particular demon-

stration?

• Can one find a level of representation of the movements common to both gesture

recognition and motor control?

• How can models of human kinematics be used in gesture recognition and how

can they help in the reproduction of the task?

In order to answer all these questions, a reliable method for classifying human

actions has to be designed.

1.2 What is Imitation?

Imitation is an advanced human and animal behavior whereby an individual observes

another’s behavior and replicates it itself. It has been argued by Susan Blackmore

in The Meme Machine, that imitation is what makes humans unique among animals.

Imitation might have been selected as fit by evolution because those who were good at

it had a wider arsenal of learned cultural behavior at their disposal, such as tool making

or even language.

There are two ways of learning a task. The first one is by trial and error and the

second one is to extract the essence of the task and to imitate it. Humans and animals

sometimes learn a task by trial and error (as the babies) and other times they extract

knowledge about how to approach a problem from watching other people performing

a similar task.

From the viewpoint of computational motor control, learning from demonstration

is a highly complex problem that requires to map a perceived action (such as putting

down the clutery) given in an external world coordinate frame of reference into a dif-

ferent internal frame of reference (i.e. the robot’s own frame of reference).

Several contributions in behavioral neuroscience have demonstrated that there are

specialized neurons (”mirror neurons”) in the frontal cortex of primates that seem to be

the interface between perceived movement and generated movement, i.e., these neu-

rons fire very selectively not only when a particular movement is shown to the primate

(demonstration), but also when the primate itself executes the movement (imitation).

If we apply these ideas to autonomous robots, a tremendous potential for learning

by demonstration research arises. If we are able to teach robots by just showing our in-
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teraction with the environment, this may become a leading-edge research methodology

in the field of robotics.

What is more, if a machine can understand human movement, it can also be used

in rehabilitation as, for example a personal trainer that watches a patient and provides

specific new exercises how to improve a diminished motor skill. Another example is

a service robot that keeps company and helps elderly people in their daily lives. Some

people have started to study learning from demonstration from a point of view of learn-

ing theory, such as [3] and [4]. Their working hypothesis is that a perceived movement

is mapped onto a finite set of movement primitives that compete for perceived action.

Such a process can be formulated in the framework of competitive learning. Each

movement primitive predicts the outcome of a perceived movement and tries to adjust

its parameters to achieve an even better prediction, until a winner is determined.

1.3 What is Human-Robot Interaction?

Recent advances in computer science and robotics make robots easier to integrate in

our daily lives [5] in a way that both robots and people co-exist sharing and cooperating

in all kind of tasks [6]. People interact with other people anywhere at anytime. But, the

arising problem is how to communicate and cooperate between people and robots. We

need natural ways for people to communicate and cooperate with robots just as they

do with other people. This kind of communication and cooperation is called ”Human-

Robot Interaction”.

Human-Robot Interaction includes the study of human behaviors related to the

tasking and control of the robots so that the human can communicate efficiently, accu-

rately and conveniently with them.

There is a wide work done in the area of human-robot interaction to understand

how a human interacts with a computer or other forms of technologies ([7] and [8])

such as a microwave or a video-recorder. However, there is not enough work done

in understanding how people interact with robots. As we are moving into a science-

fiction-inspired world, where robots will inhabit our workplaces and our homes, it is

important to understand how to characterize these interactions. Interaction tends to be

considered as face-to-face interaction, but our usual communication is indeed broader

than that, as for example communication at a distance or with a group of people. The

interpretation and understanding of all such different types of interaction with robots,

people, and computers is the goal of Human-Robot Interaction research.
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The classical way of human-robot interaction was based on interaction through

special hardware like computers. Communication technologies could provide various

communication channels like voice and gestures, however people were not able to

communicate with robots directly since they were bound to computer terminals.

Nowadays, direct interaction between people and robots is possible. Not only hu-

mans but also robots can use their bodies when they communicate to each other. Al-

though it is more restricted than virtual interface agents because of their mechanical

structures; physical motion are more natural and acceptable for people. However, an-

other problem arises; people and robots should be close to each other to establish such

interaction, therefore it is a new drawback in the realization of ubiquitous interaction

among people and robots. In that way, we loose interactions such as the ones with

people and robots who are apart from each other although we gain the naturalness of

human-human interaction applied in robot-human interaction.

To sum up, every human language has hand, arm and body movements and ges-

tures. As in a dictionary all of them have an easily understandable meaning in every

country and social environment. One of the main goals of human-robot interaction

is to find, understand and interpret their meanings and how people use them to inter-

act with other people and their environment in order to apply them in human-robot

communication.

1.4 What is Dimensionality Reduction?

Data originating from the real world is often difficult to understand because of its high

dimensionality [9]. For example, let us continue with the example of learning how to

lay a table, and let us suppose that in the demonstration step a vision system is used to

record the human’s activity’s demonstrations. The output of the vision system is a set

of images with a given resolution, let us say 640x480 pixels; which results in a 307200

dimensional data. Obviously, that data becomes intractable from the computational

point of view when long image sequences are used and a dimensionality reduction

technique is needed.

Nowadays, it is more likely to deal with high dimensional data than low dimen-

sional one. Scientists working with large volumes of high-dimensional data, such as

global climate patterns, stellar spectra, or human gene distributions, regularly con-

front the problem of dimensionality reduction. The human brain confronts the same

problem in everyday perception, extracting from its high-dimensional sensory inputs
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(30,000 auditory nerve fibers or 106 optic nerve fibers) a tractable small number of

perceptually relevant features [10] . But what it is exactly ”dimensionality reduction”?

The goal of dimensionality reduction techniques is to find the meaningful low-
dimensional data structures hidden in their high-dimensional observations. Di-
mensionality reduction techniques address this issue and allow the user to better
analyze or visualize complex data sets. Dimensionality reduction can be performed

by keeping only the most important dimensions, i.e. the ones that hold the most useful

information of the data, or by projecting the original data into a lower dimensional

space that is most expressive for the task. For visualization, the goal of dimensionality

reduction is to map a set of observations into a (two or three dimensional) space that

preserves as much as possible the intrinsic structure. For classification, the goal is to

map the input data into a feature space in which the members from different classes

are clearly separated [11].

How can we detect low dimensional structure in high dimensional data? The first

step is to look if the data lies on a linear or non-linear subspace.
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Figure 1.1: Nonlinear vs Linear Data Representation

Dimensionality Reduction techniques may be divided into two classes. The first

one are linear methods like the Principal Component Analysis (PCA) or the original

metric multidimensional scaling (MDS). The second class are nonlinear algorithms

like Kohonen’s Self-Organizing Map (SOM) or nonlinear variants of the MDS, such

as ISOmetric feature MAPping (ISOMAP).

PCA is a linear transformation that chooses a new coordinate system for the data

set. The new coordinate system is a representation of the directions (set of principal
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components (PCs) which characterize our data) along which the variance of the data

is highest. The main problem using PCA is that linear PCs cannot represent the non-

linear nature of human motion.

Contrarily to PCA, non-linear dimensionality reduction techniques do not use a cri-

terion based on variance preservation. Instead, they try to reproduce in the projection

space the pairwise distances measured in the data space. In our project we apply and

analyze the results given by both PCA and ISOMAP. We apply PCA as a linear method

and Spatial Temporal Isomap as a non-linear one. Both of them will be presented later

on in more detail.

1.5 Outline

Nowadays, human activity recognition is an extensive area of research. Humans and

robots have succeeded in understanding each other using gestures. Many applications

can be found for an activity recognition system.

For instance, image a dumb person going shopping. It is not likely that the shop

assistant understands the sign language. Let us suppose that the dumb person carries

a device with the same size of an MP3 player which is be able to decode the sign

language and to report in words what he/she is saying with signs.

Another example of a human activity recognition system consists of a robot which

helps people with the housework. Imagine that one of its tasks is to take coffee cups

and clean the table once the person has finished drinking the coffee. In order to achieve

that, it has to recognize just looking at the human sitting on the table the activities

he/she performs when drinking coffee.

Our approach aims at recognizing human activities once the system has learnt how

to perform the activities after training it with various example of each one.

In order to achieve this, the first step is to collect the data and pre-process it. This is

explained in Chapter 4. The data consists of demonstrations of the activities we want

to recognize. To make the activities independent of the environment and the conditions

in which they are performed all the activities are performed by 20 people in different

ways. The more demonstrations of one activity we have, the more variety of ways

performing an activity there is. This way, the system will find a better and a more

general model for the activity.

On the other hand, the size of the data increases as much as the number of demon-

strations does. And therefore, the computational load increases too. To reduce the
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computational charge, a dimensional reduction technique is applied to the data. There

are two kind of dimensionality reduction techniques; linear and non-linear. Linear

dimensionality reduction techniques are more suitable for data lying in a linear man-

ifold, while non-linear dimensionality reduction techniques are better for data with

non-linear patterns. Both linear and non-linear dimensionality reduction techniques

are applied in our work.

In chapter 5, Principal Component Analysis (PCA) is applied to the data. PCA is a

linear dimensionality reduction technique which consist of choosing a new coordinate

system representing the directions along which the variance of the data is highest. PCA

is used to learn a set of linear principal components (PCs) to characterize our data, in

other words, to find a linear model which characterizes our data.

The main problem using PCA may be that linear PCs cannot totally represent the

non-linear nature of human activities and thus, a non-linear dimensionality reduction

technique was evaluated.

In Chapter 6, a non-linear dimensionality reduction technique is applied. Particu-

larly, ISOmetric feature MAPping (ISOMAP) is used to uncover the non-linear under-

lying structure of the data. The basic idea behind ISOMAP consists in overcoming the

limitations of the traditional linear dimensionality reduction techniques by replacing

the Euclidean distances by geodesic distances, i.e. the distances along the surface of

the manifold, rather than the straight-line Euclidean distances.

Once we have a model characterizing each of the activities, the next step is to

classify an unknown activity. To achieve this aim, an approach similar to k-nearest

neighbors is applied. This is explained in more detail in Chapters 5 and 6.

In Chapter 7 and 8, we report on performance evaluation of the PCA and ISOMAP

procedures respectively.

Finally, in Chapter 9 we comment a possible future work and some conclusions

extracted from our work.
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Chapter 2

Related Work

Over the last century, there have been extensive studies about human behaviors. Lots

of artificial systems have been designed to mimic the processing and behavior of bio-

logical systems such as the humans. This has led to the development of ”Programming

by Demonstration” systems, where sensory based data is being fed into a system as an

alternative to text based input for controlling the behavior of a robot. An overview of

a Programming by Demonstration system is shown in Figure (2.1).

Figure 2.1: Programming by Demonstration system overview

In this project, we present our implementation of a human action recognition sys-

tem. As shown in Figure (2.1), it corresponds to the first four steps (the ones denoted
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by the stars). We should highlight that we studied a human action recognition system

only in a theoretical way without implementing it into a robot system.

In our implementation a magnetic tracker called Nest of Birds (NoB) was used

for data collection. Linear (PCA) and non-linear (ST-ISOMAP) dimensionality reduc-

tion techniques were applied in the training step. A clustering method was applied

in the low dimensional space after reducing the dimensionality of the data through

PCA. Shepard’s interpolation was applied to map the query sequence into the low-

dimensional space after reducing the dimensionality of the data through ST-ISOMAP.

In both cases simple Euclidean distances were used to classify a new sequence.

In this chapter we present a brief background of each one of the steps in Fig-

ure (2.1). Related to our project is the work done in machine vision, therefore, we

will start with a general idea about machine vision. After that, we will focus on the

data collection part mentioning some other types of sensors to measure the activity’s

demonstrations. Then some other related work in human action recognition will be

mentioned. Finally, we will concentrate on the training step. In particular, we will

focus on the background of linear and non-linear dimensionality reduction techniques.

2.1 Machine Vision

Robot, Computer and Machine vision are commonly used notations to express the very

similar fields of research. If we look inside text books with any of these titles, there

is a significant overlap in terms of what techniques and applications they cover and

the basic techniques they used. Nevertheless, it appears to be necessary to find some

characterizations which distinguish each of the fields from the others.

As defined in [12], computer vision is the study and application of methods which

allow computers to ”understand” image content or content of multidimensional data

in general. The term ”understand” means here that specific information is being ex-

tracted from the image data for a specific purpose: either for presenting it to a human

operator (e. g., if cancerous cells have been detected in a microscopy image), or for

controlling some process (e. g., an industry robot or an autonomous vehicle). The im-

age data that is fed into a computer vision system is often a digital gray-scale or color

image, but can also be in the form of two or more such images (e. g., from a stereo

camera pair), a video sequence, or a 3D volume (e. g., from a tomography device).

In most practical computer vision applications, the computers are pre-programmed to

solve a particular task, but methods that involve online learning and adaptation are
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now becoming common. Computer vision is by some seen as a subfield of artificial

intelligence where image data is being fed into a system as an alternative to text based

input for controlling the behavior of a system. Some of the learning methods which are

used in computer vision are based on learning techniques developed within artificial

intelligence.

Robot Vision can be defined as the integration of vision sensor technologies with

image processing theory and control theory to apply them in controlling vision based

autonomous robots. From another point of view, Robot Vision can be understood as

the application of the Computer Vision theories into a robot system.

2.1.1 Computer and Robot vision methods and applications

There is no standard formulation of how vision problems should be solved. Instead,

there exists an abundance of methods for solving well-defined vision tasks, where the

methods often are so task specific that rarely can be generalized over a wide range

of applications. Many of the methods and applications are still in the state of basic

research, but more and more methods have found their way into commercial products,

where they often constitute a part of a larger system which can solve complex tasks.

The main areas of Robot Vision applications are in industry, research and medicine.

In the industry applications, information is extracted for the purpose of supporting a

manufacturing process. Related to our work, one example of a Robot Vision system

is the measurement of position and orientation of objects to be picked up by a robot

arm in a production line. Another application exists in quality control processes where

details or final products are being automatically inspected in order to find defects. In

medicine, robotics is a growing field and recently regulatory approval has been granted

for the use of robots in minimally invasive procedures. Robots are being considered

for use in performing highly delicate, accurate surgery, or to allow a surgeon who is

located remotely from their patient to perform a procedure using a robot controlled

remotely.

Classification of human activities from video [13], [14], is a very wide area of

research. Camera sensors can be used either as a complementary system of our mag-

netic sensors or as a completely independent system. Similar to the rest of the sensors

they have their own advantages and drawbacks. As a disadvantage, they are sensi-

tive to changes in illumination and in general to the environment in which the action

is learned. On the other hand, they are more robust than magnetic sensors to noisy

environments, and their measurements are not so strongly affected by sporadic errors.
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2.2 Other sensors

In our work, a Nest of Birds magnetic tracker is used for generating the training se-

quences. However, other sensors can be used in order to capture human activity; either

to complete the gathered information or as an alternative to magnetic sensors. The

use of different kind of sensors complementing each other makes more reliable the

acquired data and therefore the final task classification. Here, we will do a brief review

over some other sensors commonly used in Programming by Demonstration. Figure

(2.2) clarifies which stage of a human recognition system we are dealing with.

Figure 2.2: Programming by Demonstration system overview

2.2.1 Laser sensors

Focusing on learning task representations from demonstration, a laser range-finder

gives the robot information about its distance from objects [15]. Although laser sensors

has been commonly used for service robot scenario rather than for activity recognition,

we can extrapolate the concept to our application. For example, if we compare two

tasks such as pushing an object placed on a table or rotate an object placed on a table,

the initial and final distance between the object and the robot in the case of pushing

an object has increase while the distance in rotate an object keeps constant. Therefore,

using a laser sensor as a complement would help us to differentiate the task performed.
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2.2.2 Infrared sensors

Following the work done by Nicolescu [15]; Infrared sensors (IR), located on inside of

the gripper (or glove in the demonstrating phase) allow the robot to detect the presence

of an object within the gripper. It could help us in recognizing the task performed in

a way that we could differentiate the time moments of the movement in which the hu-

man’s hand or robot’s gripper holds and object from the ones in which the hand/gripper

is free. Therefore, helping us to identify the kind of task performed. For example, we

can compare picking up an object with putting down an object. When performing

picking up an object, the gripper detects the presence of an object only in the second

half part of the movement while in putting down an object, it is grasped only in the

first half part of the movement.

2.2.3 Velocity and Acceleration sensors

Velocity and Acceleration sensors are not so commonly used. Although we can extract

the velocity and the acceleration only measuring the position of the sensors in every

time point; it means that if we have errors in the position measurements, these errors

would propagate to the velocity and the acceleration values. As a matter of fact, to have

three separating systems to measure the position, the velocity and the acceleration, as

in [16]; would allow us to correct some errors in one of the measurement providing

the errors do not occur in all of the systems at the same time. In fact, magnetic fields

are often influenced by the environment in such a way that the position and orientation

values measured by the sensors contain too much undesirable noise and even some-

times they present extreme points. An additional system measuring the velocity or the

acceleration would give us the way to calculate those erroneous points in a very precise

way without having to interpolate or modify the data.

2.2.4 Pressure sensors

Pressure sensors measure the pressure distribution during a contact. Placing pressure

sensors in the glove, such as the work done in [17], may aid us in detecting when the

contact with an object takes place. As well as in Subsection (2.2.2), it would help us

in identifying the task performed. Knowing when we are grasping an object, makes it

possible to differentiate in an easy way between the tasks which grasp an object for a

short period of time and the ones which do not grasp an object at all.
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2.2.5 Gloves

Finally, the last kind of sensors we will mention here are the ones used in the ”Cyber

Glove”. The ”Cyber Glove” [18] is an instrument capable of measuring the movements

of the fingers and the hand. The sensors are located over or near the joints of the

hand and wrist. They provide an output proportional to the angle between the bones,

independent of where the sensor lies relative to the joint and the joint radius. They

inform about when we are clenching the fist (when we are grasping an object), or

when we are outstretching our hand (when we are just pushing an object).

2.3 Dimensionality Reduction Techniques

The purpose of dimensionality reduction [19] is to transform a high dimensional data

set into a low dimensional one, while retaining most of the underlying structure in the

data. This is important for several reasons, with the most important being to circum-

vent the curse of dimensionality. Many classifiers perform poorly in a high dimen-

sional space given a small number of training samples. Dimensionality reduction can

also be used to visualize the data by transforming the data into two or three dimensions,

thereby giving additional insight into the problem at hand.

We restate the trace of a human activity recognition system based on Program-

ming by Demonstration in Figure (2.3) and we highlight with starts the points we will

mentioned in this section.

Figure 2.3: Programming by Demonstration system overview
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Some dimensionality reduction methods are linear, meaning that the extracted fea-

tures are linear functions of the input features. Examples include principal component

analysis (PCA), multidimensional scaling (MDS), linear discriminant analysis (LDA)

and Singular Value Decomposition (SVD). Linear methods are easy to understand,

very simple to implement and efficiently computable, but the linearity assumption does

not always lead to good results in many real world scenarios. They only guarantee

to discover the true structure of data lying on or near a linear subspace of the high-

dimensional input space. PCA finds a low-dimensional embedding of the data points

that best preserves their variance as measured in the high-dimensional input space.

Classical MDS finds an embedding that preserves the interpoint distances, equiva-

lent to PCA when those distances are Euclidean. SVD can be used for dimensionality

reduction by finding the projection that restores the largest possible original variance,

and ignoring those axes of projection which contribute the least to the total variance.

The only assumption made by MDS is the existence of a monotonic relationship be-

tween the original and projected pairwise distances.

However, many data sets contain essential nonlinear structures that are invisible to

linear dimensionality reduction techniques. For example, rotating an object does not

conform to the linearity assumption; it can at best be approximated by linear functions

only in a small neighborhood. This has motivated the design of nonlinear mapping

methods in a general setting.

The history of nonlinear mapping traces back to Sammon’s mapping published in

1969. Over time, different nonlinear mapping techniques have been proposed, such

as self-organizing maps (SOM), principal curve and its extensions, auto-encoder neu-

ral networks, Isometric feature mapping (ISOMAP), locally linear embedding (LLE)

generative topographic maps (GTM) and Kernel Principal Component Analysis.

Dimensionality reduction can be achieved by constructing a mapping that respects

certain properties of the manifold [10]. ISOMAP, for example, tries to preserve the

geodesic distances. Locally linear embedding (LLE) embeds data points in a low di-

mensional space by finding the optimal linear reconstruction in a small neighborhood.

Laplacian eigenmap restates the nonlinear mapping problem as an embedding problem

for the vertices in a graph and uses the graph Laplacian to derive a smooth mapping.

Semidefinite embedding first ”unrolls” the manifold to a fat hyperplane before apply-

ing PCA.

Recently, a new line of nonlinear mapping algorithms has been proposed based on

the assumption that the data lie on a Riemann manifold (see appendixes A and B).

In appearance-based computer vision applications [20], for example, the image of an
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object is represented as a high dimensional vector of pixel intensities such in [10], [21],

[22] and [23]. The observed image is often controlled by a small number of factors

like the view angle and the lighting direction. Such relationship, even though nonlinear

globally, is often smooth and approximately linear in a local region and it is reasonable

to assume the high dimensional data lie approximately on a Riemann manifold.

However, most of these nonlinear mapping algorithms operate in a batch model,

meaning that all data points need to be available during the training step in order to

construct the model. In spite of that, the utility of manifold learning has been demon-

strated in different applications, such as face pose detection, face recognition, analysis

of facial expressions, human motion data interpretation and gait analysis. A compari-

son between some of the mentioned methods can be found in [24].

2.4 Background of Activity Recognition

Human activity tracking and recognition have received considerable attention in re-

cent years. Some of the applications of activity recognition are communication (e.g.

sign language recognition), manipulation (e.g. controlling robots without any physical

contact between human and computer), surveillance and activity modelling for virtual

reality setting applications.

Similar to our project, Cedras et al. [25] developed a sensor-based system for

recognition of human gesture codes with particular attention to gestures produced with

the hands and arms. The hand’s position and orientation were accurately measured

with respect to the human body in a 3D-space, finger flexion and bending as well as

the pressure distribution on the palms during grasping. Gesture data were analyzed

with many different pattern recognition methods, among others, classical statistical

methods, neural networks, genetic algorithms and fuzzy methods.

Beale et al. in [26], measured joint angles and the spatial orientation of the hand us-

ing a Power Glove. Finally, they recognized the gestures using neural network trained

to recognize the five vowels of American One-Handed Finger Spelling.

A different approach to gesture recognition has been done by Lee and Xu [27].

They developed a gesture recognition system based on Hidden Markov Models (HMMs),

which could interactively recognize gestures and perform online learning of new ges-

tures. This system demonstrated reliable recognition of 14 different gestures after two

examples of each. The system was interfaced with a Cyber glove and the stream of

input data was segmented into separate gestures. The system was able to update its
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model of a gesture iteratively with each example it recognizes in a way that if the

system was sure of the gesture it just classified it and if it was in any way unsure

about a gesture’s classification, it asked the user for confirmation of its classification.

This introduced new possibilities since the user could add new kinds of gestures to

the system’s bank of gesture models and the system added the symbols of the encoded

gesture to the list of example sequences of the proper gesture model and updated the

parameters of that model by retraining the HMM.

Using computer vision, Freeman [28] presented a method to recognize hand ges-

tures, based on a pattern recognition technique employing histograms of local orienta-

tion. They used the orientation histogram as a feature vector for gesture classification

and interpolation. This method was simple and fast to compute, and offered some

robustness to scene illumination changes.

Related to Freeman’s work is the research done by the School of Computer Appli-

cations at Dublin City University [29, 30]. They developed a system able to recognize

hand gestures from real-time video images, even in the case of occlusion. Their sys-

tem used a multi-scale approach, Principal Component Analysis and graph matching.

Apart from its ability to recognisee partially-occluded hand gestures, one of the advan-

tages of this algorithm was its possibility to identify the start and end points of the new

gesture, even when the gesture was made in reverse temporal order. One disadvantage

of this method could be the speed when the number of gestures gets large.

In [31], Ekvall and Kragic presented a system capable of learning robot tasks from

demonstration. They used a Nest of Birds magnetic tracker consisting of an electronic

unit, a transmitter and four pose measuring sensors mounted in a glove for grasp recog-

nition. Then, HMM were used to construct suitable models of the grasp sequences and

Color Concurrence Histograms were applied for object recognition. They achieved a

rate of correct classifications around the eighty five percent using five different objects.

More training examples might have increased the number of correct classifications.

One of the most interesting works found was the one done by Ormoneit et al. [32].

They developed a robust automatic method for modelling cyclic 3D human motions

such us walking. The pose of the body was represented by time-series of joint angles

which were automatically segmented into a sequence of motion cycles. In order to

enforce smooth transitions between the cycles they applied PCA in the Fourier domain.

In that way, they were able to deal with missing information in the motion of time series

due to occlusion. They applied this method in recovering 3D human motion from 2D

image sequences. In their tracking system, PCA was used to define a low dimensional

representation of human 3D poses in a state-space model that treated 2D video images
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as observations. Due to the interest of this work we could point it out as a possible

future work. Some other references and comparisons about gesture recognition can be

found in [33].

2.5 PCA Background

Principal Components Analysis (PCA) is a numerical procedure for analyzing the

sources of variation present in a multi-dimensional data set. Each principal compo-

nent measures and to some degree models, some source of variance observed in the

dataset.

Although it exists a huge amount of research in this area, we will mention only

some of the works which have been useful in our project.

Mataric in [34], aimed at modelling motor control and imitation, described a method

for representing human movements in terms of motion primitives. They applied PCA

in the human movements and the eigenvectors corresponding to a few of the highest

eigenvalues provided them with a basis of primitives representing the movements.

In [35], a framework capable of labelling the effort on an action understood as the

perceived amount of exertion performed by the user was presented. They applied PCA

for factorizing the data trajectories into pose, time and effort basis sets.

Researches in computer vision and pattern recognition have been working on au-

tomatic recognition of human faces for the last 20 years. In [36], Jiang combined

PCA and neural networks to detect and recognize faces in an image. Each face is effi-

ciently represented by its projection onto the reduced space using PCA. They achieved

a correct classification rate of 95%.

Similar to our work, Wu et al. in [37] applied PCA to distingue the type of vehicle

by its sound. They introduced the ”eigenfaces method” (commonly used in human face

recognition), to model the sound frequency distribution features. They showed that the

sound can be a simple and reliable acoustic identification method if the training sam-

ples can be properly chosen and categorized. Exactly as we did with our movements, a

collection of typical sound samples (demonstrations in our application) is used as the

training data set. When a new sound sample (movement demonstration in our project)

is projected into the principal component eigenvector directions,the unknown vehicle

sound (action to us) can be well characterized in terms of the training data set.
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2.6 ISOMAP Background

Recently, a novel method has been proposed to tackle the nonlinear dimensionality

reduction problem, namely ISOMAP. This method attempts to preserve as well as

possible the local neighborhood of each training sample while trying to obtain highly

nonlinear embeddings. So it is categorized as a new kind of dimensionality reduction

techniques called Local Embeddings. The central idea of Local Embeddings is using

the locally linear fitting to solve the globally nonlinear problems, which is based on

the assumption that data lying on a nonlinear manifold can be viewed as linear in local

areas. ISOMAP has been used for both visualization and classification. Encouraging

results have been reported when the test data contain little noise and are well sampled.

But as can been seen in the following sections of this work, it is not so powerful when

it confronts with noisy data, which is often the case in real-world problems.

Numerous approaches have been proposed for dimensionality reduction using ISOMAP.

For example, Prem et al. using an autonomous mobile robot, showed how ISOMAP

can be used to detect and properly classify time-series of sensory data.

In [38], Vlachos et al. analyzed the LLE and ISOMAP visualization power. They

showed that LLE and ISOMAP perform well only when the data is comprised of one

well sampled cluster and that the mapping gets significantly worse when the data is

organized in multiple clusters. They proposed to overcome this limitation by modify-

ing the mapping procedure, and keeping distances to both closest and farthest objects.

To tackle with the curse-of-dimensionality problem for classification they combined

the ISOMAP procedure with locally adaptive metric techniques for nearest neighbor

classification. They combined ISOMAP with the label information provided by the

training data to reduce the curse-of-dimensionality effect. In the classification phase,

radial basis function (RBF) networks were used to map every tested point. Finally,

K-NN procedure was applied in the reduced space to classify the points.

An interesting contribution is the one done by Geng et al. in [11]. They proposed

an improved and robust method based in the idea of ISOMAP, namely S-Isomap. They

demonstrated how ISOMAP is not so powerful when it deals with noisy data as it is

the case of real world gathered data. S-Isomap utilizes class information to guide

the procedure of non-linear dimensionality reduction. Such method is called super-

vised non-linear dimensionality reduction, unlike the unsupervised learning scheme of

ISOMAP. In S-Isomap, the neighborhood graph of the input data is constructed ac-

cording to a certain kind of dissimilarity between data points, which help to discover

the true neighbour of the data, and thus make S-Isomap a robust technique to deal with
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the noisy data.

In [39], ISOMAP was applied in video sequences. They explored a video represen-

tation that considered a video as two parts - a space of possible images and a trajectory

through that space. ISOMAP gave a low dimensional representation of the space of

possible images. From the ISOMAP’s point of view, a collection of related images

defines an image space in which each image is considered as a whole corresponding

to one point in the trajectory of images. Analysis of the shape of the video trajectory

through those image spaces gives new tools for video analysis.

Law and Jain in [19] describe an incremental version of ISOMAP. In this paper,

they modify the ISOMAP algorithm so that it can update the low dimensional repre-

sentation of data points gradually as more and more samples are collected. Both the

original ISOMAP and the landmark point’s version are considered.

Yang in [40] proposed a method that extends the ISOMAP method with Fisher

Linear Discriminant for classification. The crux of this method is to estimate geodesic

distance, similar to what is done in ISOMAP, and use pairwise geodesic distances

as feature vectors (the main difference between extended ISOMAP and the original

method). He applies Fisher Linear Discriminant on the feature vectors to find an opti-

mal projection direction to maximize the distances between cluster centers. He claims

that due to the ISOMAP method is developed based on reconstruction principle, it may

not be optimal from the classification point of view.

Last but not least, the work done by Chadwicke et al. in [41, 42, 43, 44]. Their work

was the base for ours. They extended the ISOMAP technique for intrinsic (non-linear)

dimension reduction to emphasize temporal as well as non-linear spatial structure.

They addressed the problem of creating basis behaviours for modularizing humanoid

robot control and representing human activity. They applied spatio-temporal intrinsic

DR called Spatio-Temporal Isomap to manually segmented human motion.
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Chapter 3

Problem Statement and Research
Methodology

In this work, the first part of a Programming by Demonstration system is covered. An

overview of our approach is shown in Figure (3.1).

Generate the data

Pre-process and label the data
PCA dimensionality reduction ST-ISOMAP dimensionality reduction

PCA without taking into account 
temporal dependencies of the data

PCA taking into account 
temporal dependencies of the data

if PCA without taking into account 
temporal dependencies of the data

Testing sequence Training sequence Testing sequence Training sequence Testing sequence Training sequence

Shepard's interpolationModel construction Model construction Model construction

Clustering Classification

ClassificationClassification

Figure 3.1: System Outline

A human activity recognition system is composed of two global steps; the training

step and the testing step. In the training step the system makes an off-line analysis of

the human’s activities in order to find a model which represents each activity best. The

system is able to learn a model for a human activity by training it with various example

of each one (i.e. a Programming by Demonstration system). In the testing step, human
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activity recognition and classification are performed on-line.

Our approach aims at recognizing four different activities;

1. Push forward an object placed on a table;

2. Rotate an object placed on table;

3. Pick up the object placed on the table and

4. Put down an object on a table.

In order to learn a model which best represents an activity, the system has to extract

the essence of that activity. To achieve this, the first step is to collect the data. The

data consists of demonstrations of the human’s activities. A Nest of Birds (NoB)

sensor as the one used in Figure (4.1) is used for activity recognition. The human

demonstrates the activities manipulating an object while four sensors located along

the hand and arm measure transmitter-generated magnetic fields. An electronic unit

controls the transmitted signals and directs the sensor measurements. Based on the

sensor measurements, the Nest of Birds tracker calculates the position and orientation

of the sensors. Each sensor has six degrees of freedom; three for the position (x, y and

z) and three for the orientation (alfa, beta and gamma).

First of all, the measured positions and orientations were recorded and pre-processed

in order to eliminate some error measurements and noisy signals.

Second, we chose the best representation of the data. The position was represented

in a Cartesian space while a circular representation was chosen for the orientation (i.e.

sine and cosine values of the angles). Therefore, x, y, z, sin(alfa), cos(alfa), sin(beta),

cos(beta), sin(gamma) and cos(gamma) gave us the position and orientation of each

sensor; which resulted in thirty seven dimensions representing every activity if we

take into account the time variable too. Such a big number of dimensions let us know

that a dimensionality reduction technique had to be applied in our data in order to

reduce the computation time and memory resources.

Our project was divided in three main stages.

During the first stage of the project, we used a combination of ”Principal Com-

ponent Analysis (PCA)” and ”Clustering” for activity recognition. In this stage, we

used PCA in order to first determine a space in which the data is uncorrelated, and

second, be able to reduce the dimensionality of the data set. PCA allowed us to make

the analysis of the data more tractable and to discard the intrinsic variability across the

training sequences. This will be presented in more detail in Section 5.3.
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In the second stage of the project, we used PCA in combination with time as an

additional variable. In this approach, PCA was applied in a different way and due to

that a constant length for all the sequences was needed. Therefore, a manual interpo-

lation over all the sequences was performed as a pre-processing step. The length of

the sequences was fixed to 85 points which corresponds to the average length of all the

training sequences. To take into account the time variable means that we looked at the

activity itself as a unit in which every instant point had a position value related to other

position values in the rest of instant points. In the first stage of the project PCA was

applied as if every point forming part of one activity was independent of the rest of the

points forming part of the same activity and it may be the reason why PCA taking into

account the time performed better than the one before. This will be presented in more

detail in Section (5.4).

In the third stage, we focused on a non-linear one. For ’non-linear’ modelling,

we needed a non-linear dimensionality reduction model of the activities; therefore,

we applied ”Spatio-Temporal Isomap (ST-Isomap)” to find a better data representation

that encapsulated only the key aspects of the activities. In this case we applied manual

interpolation as a pre-processing step and Shepard’s interpolation in the testing step.

This will be presented in more detail in Chapter 6.

Finally, the aim was to obtain a classification rate of the activities as high as pos-

sible. Some performance results will be presented in more detail in Chapters 7 and

9.

All the code presented in this thesis was implemented in Matlab.
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Chapter 4

Data Collection and Preprocessing

The goal of this thesis was to represent and classify four different object manipulation

activities. To generate the training data, a Nest of Birds sensor was used, Figure (4.1).

The Nest of Birds simultaneously tracked the position and orientation of four sensors,

referred to transmitter emitting pulsed DC magnetic fields.

(x, y, z, a, b, g)

Figure 4.1: Nest of Birds sensor
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Activity recognition in general consists of two steps; the ”training step” and the

”testing step”. The training step refers to the learning step where the data is collected,

labelled and used to find an appropriate representation space for the data. The system

learns the way in which each activity is performed finding a model which represents it

best. In order to teach the system how to perform a specific activity, the human has to

repeat it several times. In that way the system can infer the essence of the activity. The

four activities considered in this thesis are:

1. Push forward an object placed on a table;

2. Rotate an object placed on table;

3. Pick up the object placed on the table and

4. Put down an object on a table.

Figures (4.2) and (4.3) show a push activity on two different heights; on a table and

on a box.

Figure 4.2: An example of pushing forward an object on the table

As an example of the importance of these activities, let us consider a coffee drink-

ing scenario. Pick up an object could be representing the fact of picking up the cup

to take a swig of coffee; put down an object could represent leaving the cup of coffee

after taking a swig, rotate an object would be similar to fold a napkin placed on the

table, and finally, let’s suppose that the person who is sat down in front of you taking

a coffee asks for the sugar bowl close to you and you push the bowl sliding over the
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Figure 4.3: An example of pushing forward an object on the box

table to bring it nearer to her. Exactly that activity would represent pushing an object

placed on a table.

The user demonstrated the activities wearing a glove as the one shown in Figure

(4.4). The glove has four magnetic sensors attached to it, two placed on the hand and

the other two placed along the arm.

Considering the sensors placement, one is placed on the thumb, another in the

center of the hand, the third one at the forearm and the fourth one located in close

to the triceps muscle. Figure (4.2) shows a human’s arm wearing the glove while

performing a push activity. Each sensor had six degrees of freedom; both their position

and orientation were measured by the Nest of Birds (NoB) sensor.

We aimed at uncovering a pattern representing each activity independent of the

environment and the conditions under which they were performed. In order to achieve

that, every activity had to be repeated under different conditions so as to have as many

different ways performing each activity as possible for the training data set. Each way

corresponds to different orientations and heights. The orientation refers to the user’s

position in front of the table while performing the activity; i.e. the angle at which the

human is located with regard to the table. Three orientations were used: zero degrees,

thirty degrees and sixty degrees; as it is shown in Figure (4.1). The height refers to

the object’s height; either the user places the object on the table, or on a box which is

located on the table. You can see an example of both heights in Figures (4.5) and (4.6).

In short, every activity was performed with three different orientations and two

different heights and all of them were repeated three times. All the activities involved

an object, shown in Figure (4.5).
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Figure 4.4: Tracker Glove with the four sensors.

Figure 4.5: Table´s height when performing the activities and reference frame used for

the measurements of the NoB sensor.

4.1 Pre-processing the data

As it was mentioned before, we are dealing with four different arm’s activities. In order

to train the system, twenty different people performed these four activities. Every
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Figure 4.6: Box´s height when performing the activities and reference frame used for

the measurements of the NoB sensor.

activity was repeated for three different orientations, two different heights and three

trials for each one. The activities were recorded by the Nest of Birds sensor. The output

of the sensor measurements were text files in which every line was a time point and the

content of each line were the values of the position and orientation measured by all the

sensors. The position was expressed in centimeters and the orientation in degrees (from

-180 to 180). Both of them; position and orientation were global coordinates measured

with regards to a global frame of reference shown in Figure (4.1). An example of the

recorded data is shown in Figure (4.7)

Figure 4.7: The Nest of Birds sensor’s Output was a text file in which every line was

a time point and the content of each line was the values of the position and orientation

measured by the NoB sensor.

The original data was noisy and it contained some errors inherent to the sensors.

Due to this, the first modification made into the data was to eliminate the noise and

some of the errors. When we visualized the sequences, we realized that during the
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recording of the sensors measurements, the system recorded some incorrect constant

values; see Figure (4.8). This may have happened because we tried to read the data on

a rate faster than the sensors sampling rate. Therefore, we had first to eliminate those

errors and to interpolate the corresponding correct values.

Figure 4.8: During the recording of the activities, some incorrect constant values in-

herent to the sensors were measured. The reason may have been a reading sampling

rate higher than the NoB sensor’s sampling rate.

Apart from this, in the beginning of each sequences, there were some wrong values

due to the transitory time of the sensors, i.e. every time we started a new measurement,

the sensors needed some time to stabilize before measuring correctly the position and

the orientation in which they were placed. Hence, all the points measured during that

time were invalid.

Once the noise and incorrect values were eliminated, the second step was to find

the best representation for the position and the orientation values measured by the NoB

sensor.

As it was mentioned before, the way of representing the position and orientation

measured by the NoB sensor, i.e., the output values in the text file were Cartesian

coordinates (x, y, z) for the position and Euler angles (alfa, beta, gamma) for the

orientation. In other words; a linear representation for both position and orientation.

However, dealing with a linear representation for the orientation had a disadvan-

tage; the range of values for the orientation was from minus one hundred and eighty



4.1 Pre-processing the data 32

Figure 4.9: During the recording of the activities, some incorrect values in the begin-

ning of the sequences were measured. Those values can be ignored or just eliminated.

The reason of those ones was that they were measured in the transitory time of the

sensors.

degrees to plus one hundred and eighty degrees. Hence, the fact that the values for the

orientation have two bounds; -180º and 180º, forces the sequences to jump in those

points from one of the bounds to the other, as we show in Figure (4.10).

As an example, if we are training the activity ”rotating an object” and we look just

to one of the angles which give us the orientation of one sensor; it might be that the

initial value of that angle when the human had not started to move the hand yet was

100º. When we rotate the hand, consequently, the angle increases (/decreases) taking

the values 120º, 160º, 179º, -178º...

During the first two months of the project we were processing the data in such

linear representation for both the position and the orientation and we applied the Prin-

cipal Component Analysis in such way. However, when we made the first tests to the

system, we realize that the rate of correct classification was very low.

At first glace, those discrete jumps in a activity do not seem of a great importance,

but they are. The reason why those jumps had a great influence in the correct classi-

fications is that we used Euclidean distances to classify the activities (we will explain

the classification part in more detail later on).

Eventually, we decided to represent each angle by a circular representation; par-

ticularly, the sine and cosine values of the angle (sin(α) and cos(α)) instead of the
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Figure 4.10: Linear Representation of the sensor´s orientation

absolute value (α). Figure (4.11)). The tangent value was not possible because some-

times it took the value ”infinite” since the sine value may be zero. Therefore, the matrix

looked like the one in Figure (4.12). Now, for each activity we had a matrix like the

one in Figure (4.12), representing the position and orientation measured by the four

sensors in which the column represent dimensions and the rows represent the different

values taken in time. Representing the angles in that way, allowed us to eliminate the

before mentioned jumps.

To summarize, we measured the location of the four sensors while performing

each activity. The output of each sensor was six linear measurements, three for the

position and three for the orientation. Due to the linear representation of the NoB

sensor’s orientation was not suitable for our application, we changed it for a circular

one. Once the change of the orientation’s representation was applied, the position was

represented by three linear values; x, y, and z, and the orientation was represented by

six circular values; sin(α), cos(α), sin(β), cos(β), sin(γ) and cos(γ). On account of

that, only one time point in one sequence was represented by thirty seven dimension (t,

x1, y1, z1, sin1(α), cos1(α), sin1(β), cos1(β), sin1(γ) and cos1(γ), x2, y2, z2, sin2(α),

cos2(α), sin2(β), cos2(β), sin2(γ) and cos2(γ), x3, y3, z3, sin3(α), cos3(α), sin3(β),

cos3(β), sin3(γ) and cos3(γ), x4, y4, z4, sin4(α), cos4(α), sin4(β), cos4(β), sin4(γ)
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a a

a

Figure 4.11: Circular Representation of one sensor´s orientation

Figure 4.12: Best Data Representation for classifying purposes.

and cos4(γ)) and each sequence can last from seventy to three hundred time points.

In short, the two main pre-processing steps are:

1. Noise filtering, erroneous values correction and interpolation.

2. Change the orientation’s representation from a linear representation to a circular

one.

Taking into account the huge number of dimensions, it stands to reason that a

dimensionality reduction was needed. Therefore, the next step was to apply a dimen-

sionality reduction procedure in order to reduce the dimension of the data. We applied

both linear a non-linear dimensionality reduction techniques.

How to reduce the number of dimensions of our data-set will be explained in more

detail later on, in Chapters 5 and 6.
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Once a dimensionality reduction technique was applied in our data and a lower

number of dimensions was achieved, the next step was to classify the sequences us-

ing different algorithms depending on what dimensionality reduction algorithm was

applied (linear or non-linear dimensionality reduction technique).

In short, the five global steps are:

1. Pre-processing step: noise filtering, erroneous values correction and interpola-

tion.

2. Change the orientation’s representation: from a linear representation to a circular

one.

3. Applying a dimensionality reduction technique.

4. Step dependent on the chosen dimensionality reduction technique.

5. Testing step: classification of new sequences.

The last three steps are the the most important ones and although the two first ones

are the general pre-processing steps, depending on if we apply a linear or non-linear

dimensionality reduction technique, some other pre-processing steps may be needed

for each one.

An important issue to highlight here is the kind of measurements we used in or-

der to uncover the underlying structure of the data. Orientation and position were

measured by the NoB sensor while performing all the activities. As far as we are

concerned, very few people working in human activity recognition had measured the

orientation of the sensors in order to classify human activities before. However, we

aimed at the classification of four so similar activities that only using the position of

the sensors would have been impossible to differentiate between them. In fact, the

activities ”pick up an object” and ”put down an object” basically took the same values

for the sensor’s position along all the length of the sequences. In our opinion it was

the orientation of the sensors what finally differentiated among the different activities,

although obviously the position was of a high importance too.
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Chapter 5

Linear Dimensionality Reduction
using PCA

In this chapter, we give a short overview of Principal Components Analysis method.

As explained in [45] and [46], PCA is a mathematical technique that has applications

in many fields such as activity recognition, face recognition or image compression,

and is a common technique for finding hidden patterns in data of high dimensionality.

Before presenting PCA in depth, we will first introduce some basic statistical con-

cepts that will be used later on in PCA. It covers mean, standard deviation, covariance,

covariance matrix, eigenvectors and eigenvalues. This mathematical review meant to

make the PCA section very straightforward but can be skipped if the concepts are

already familiar.

5.1 Mathematical Background

5.1.1 Mean

The mean of a data-set X = [X1, X2, ..., Xn] is approximating the average or expected

value of X and it can be calculated by the expression (5.1);

X =

∑n
i=1 Xi

n
(5.1)
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5.1.2 Standard Deviation

The Standard Deviation of a data set is a measure of how spread out the data is or the

average distance from the mean of the data set to every point of the data-set. It can be

calculated by the equation (5.2);

s =

√∑n
i=1(Xi − X)2

(n − 1)
(5.2)

5.1.3 Variance

Variance is another measure of how spread out is the data in a data set. The expression:

s2 =

∑n
i=1(Xi − X)2

(n − 1)
(5.3)

5.1.4 Covariance

Nowadays, most of the data sets have more than one dimension, but the last two mea-

sures we have looked at are purely 1-dimensional. The goal of a statistical analysis of

a multi-dimensional data sets is usually to see if there is any relationship between the

different dimensions.

The Standard deviation and Variance measurements only operate on 1 dimension,

however, sometimes it is useful to see how much one dimension vary from the mean

with respect to one of the other dimensions. Covariance is such a measure.

Covariance is always measured between two dimensions and if we calculate the

covariance between one dimension and itself, we get the variance. Therefore, if we

had a 3-dimensional data set (x, y, z), we could measure the covariance between the

x and y dimensions, the y and z dimensions and the x and z dimensions. Moreover,

measuring the covariance between x and x, or y and y, or z and z would give us the

variance of the x, y and z dimensions respectively.

The expression for the covariance measurement is very similar to the expression

for the variance measurement. To make it clearer, the expression for the variance could

also be written in the following way (5.4):

var(X) =

∑n
i=1(Xi − X)(Xi − X)

(n − 1)
(5.4)

And the expression for the covariance:
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Cov(X, Y ) =

∑n
i=1(Xi − X)(Yi − Y )

(n − 1)
(5.5)

But what is exactly the meaning of the covariance value? The exact value is not as

important as its sign. If the value is positive, it means that both dimensions increase at

the same time and if it’s negative it indicates that when one dimension increases, the

other decreases or vice versa.

5.1.5 Covariance Matrix

For a n-dimensional data set, one can calculate
[

n!
2∗(n−2)!

]
different covariance values.

Therefore, calculating
[

n!
2∗(n−2)!

]
one by one can be tedious and annoying. A system-

atic way of calculating all possible covariance values between all the dimensions is to

calculate them and place them in a matrix. The definition for the covariance matrix for

an n-dimensional data set is expressed in (5.6):

Cmxn = (ci,j, ci,j = cov(Dimi, Dimj)) (5.6)

Where Cmxn is an mxn matrix.

In order to clarify the concept, for a three dimensional data set, lets say x, y, z, we

would have the matrix (5.7):

C =

⎛
⎜⎝ cov(x, x) cov(x, y) cov(x, z)

cov(y, x) cov(y, y) cov(y, x)

cov(z, x) cov(z, y) cov(z, z)

⎞
⎟⎠ (5.7)

5.1.6 Eigenvectors and Eigenvalues

This section provides a more advance background for the algebra required in PCA.

An eigenvector of a transformation is a non-null vector whose direction is un-

changed by that transformation. The factor by which the magnitude is scaled is called

the eigenvalue of that vector. The best way of explaining how the eigenvectors work is

with an example;

(
2 3

2 1

)(
3

2

)
=

(
12

8

)
= 4

(
3

2

)
(5.8)
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In the example, we can see that the result of multiplying the matrix by the vector is

exactly 4 times the vector we began with. Why is this? The vector

(
3

2

)
represents

an arrow pointing from the origin, to the point

(
3

2

)
. The square matrix can be

thought as a transformation matrix. If we multiply this matrix on the left of a vector,

and the result is another vector that has the same direction but different module, it

means that the vector is an eigenvector of that transformation matrix and the scaling

vector is the eigenvalue. Both of them, eigenvectors and eigenvalues come always in

pairs.

What properties do these eigenvectors have? One should first know that eigenvec-

tors can only be found for square matrices. What is more, not every square matrix

has eigenvectors; and, given an nxn matrix if it has eigenvectors, there are n of them.

Another property of eigenvectors is that even if they are scaled by some amount be-

fore multiplying it, we still get the same multiple of it as a result, as we can see in the

example (5.9).

2

(
3

2

)
=

(
6

4

)
(5.9)

(
2 3

2 1

)(
6

4

)
=

(
24

16

)
= 4

(
6

4

)
(5.10)

The reason is that if we scale a vector by some amount, all we are doing is mak-

ing it longer, not changing its direction. Lastly, all the eigenvectors of a matrix are

perpendicular to each other. Moreover, they are orthogonal; this is important because

it means that we can express the data in terms of these perpendicular eigenvectors,

instead of expressing them in terms of the common x, y and z axes. This will be very

useful for PCA.

5.2 Principal Component Analysis

In statistics, Principal Components Analysis (PCA) [47] is a technique that can be used

to reduce the dimensionality of a high dimensional data set. It is a linear transformation

that chooses a new coordinate system for the data set. The new coordinate system is

a representation of the directions along which the variance of the data is highest. The
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new axes are chosen such that the greatest variance by any projection of the data set

comes to lie on the first axis (called the first principal component), the second greatest

variance on the second axis, and so on.

In other words, PCA can be used for reducing dimensionality in a data set while

retaining those characteristics of the data set that contribute most to its variance, by

keeping lower-order principal components and ignoring higher-order ones. The idea

is that such low-order components often contain the ”most important” aspects of the

data and the high-order components often introduce more redundant information than

new one. Therefore, the error introduced by ignoring the higher-order components is

usually not significant.

PCA has the distinction of being the optimal linear transformation for keeping the

subspace that has largest variance. This advantage, however, comes at the price of

greater computational requirement if compared, for example, to the discrete cosine

transform. Unlike other linear transforms, the PCA does not have a fixed set of basis

vectors. Its basis vectors depend on the data set. Assuming zero mean data set (the

mean of the distribution has been subtracted away from the data set), the principal

component w1 of a data set x can be defined as (5.11):

w1 = arg max E
[
(wT x)2

]
(5.11)

With the first k-1 components, the k-th component can be found by subtracting

the first k-1 principal components from x (equation number 5.12), and by substituting

(5.12) as the new data set to find the k-th principal component (equation number 5.13).

x̂k−1 = x −
k−1∑
i=1

wiw
T
j x (5.12)

wk = arg max E
[
(wT x̂k−1)

2
]

(5.13)

This transform is equivalent to find the singular value decomposition of the data

matrix X,

X = WΣV T (5.14)

and then obtaining the reduced-space data matrix Y by projecting X down into the

reduced space defined by only the first L singular vectors.

Y = W T
L X = ΣLV T

L (5.15)
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The matrix W of singular vectors of X is equivalently also to the matrix W of

eigenvectors of the matrix of observed covariances C = XXT . Such statement is

expressed in the following equation

XXT = WΣ2W T (5.16)

By finding the eigenvalues and eigenvectors of the covariance matrix, the eigenvec-

tors with the largest eigenvalues correspond to the dimensions that have the strongest

correlation in the data set.

As an example, we take a data set with only 2 dimensions. First, we subtract the

mean from each of the data dimensions. The mean subtracted is the average across

each dimension. Second, we calculate the covariance matrix (this is done in exactly

the same way as was discussed in section 5.1.5). Third, we calculate the eigenvectors

and eigenvalues of the covariance matrix. A plot of the eigenvectors of the covariance

matrix is shown in Figure (5.1).

Figure 5.1: A plot of the normalized data (mean subtracted) with the eigenvectors of

the covariance matrix plotted on the top of the data. The figure shows how the data has

a strong pattern and how the two principal eigenvectors pass through the middle of the

data, particularly they give us the directions along which the data is more scattered.

What does it mean? If we look at Figure (5.1) of the normalized data with its

eigenvectors plotted on the top of the data, then we can see how the data has a very

strong pattern along the major eigenvector.
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As it was expected, the eigenvectors are perpendicular to each other as well as

they provide us with information about the patterns in the data. We should point out

how one of the eigenvectors passes through the middle of the points, like drawing a

line of best fit. That eigenvector is showing us how these two data sets are related

along that line. The second eigenvector gives us the other, less important, pattern in

the data. We can see that all the points follow the main line (eigenvector with the

highest eigenvalue), but are off to the side of the main line by some amount following

a second line (eigenvector with the second highest eigenvalue). By this process of

taking the eigenvectors of the covariance matrix, we have been able to extract main

directions that characterize the data.

Usually, once the eigenvectors are found from the covariance matrix, the next step

is to order them by their eigenvalue, from highest to lowest. Resulting in arranging the

components in order of significance.

In order to reduce the dimensionality of the data-set, we have to decide to ignore the

components of lower significance. We loose some information, but if the eigenvalues

are small enough, we do not loose much. To obtain a new data-set with a lower number

of dimensions than the original one, we have to project the original data set in terms of

the chosen eigenvectors. It will give us the original data solely in terms of the vectors

we chose.

Now, we can see why is so important the eigenvectors are always perpendicular to

each other, mainly, we have changed our data from being in terms of the x and y axes,

to be in terms of their two principal eigenvectors. Figure (5.3(a)) shows a graphical

example of this.

To sum up, expressing the original data only in terms of the vectors that we have

decided to keep, we obtain a new data set with less dimensions than the original one.

5.3 Applying Principal Component Analysis

During the first stage of our project, we chose to apply a linear dimensionality reduc-

tion technique. We used a combination of Principal Component Analysis and cluster-

ing to uncover the underlying structure of our data.

In this stage, we assumed that the activities lie on a linear manifold. We performed

PCA in order to determine a linear space in which the data is uncorrelated, and conse-

quently, be able to reduce the dimensionality of our data set. The main steps followed

performing PCA without temporal dependencies are;
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Figure 5.2: Data points projected to the first two most important eigenvalues which

become the axis of the new reference frame of the data. We should highlight how

the error made by projecting the points to the most important eigenvalue is lower than

when they are projected to the second most important one. The error eμnι of projecting

a point i is proportional to the length of the lines which give us the projections.

em1i

Proyection of the data points in terms of the 

eigenvector with the highest eigenvalue. 

(a) Data points projected to the most im-

portant eigenvector (the one with the high-

est eigenvalue). The error made by pro-

jecting a data point i only to that eigen-

vector is given by eμ1ι.

em2i

Proyection of the data points in terms of the 

eigenvector with the second highest eigenvalue. 

(b) Data points projected to the second

most important eigenvector (the one with

the second highest eigenvalue). The error

made by projecting a data point i only to

that eigenvector is given by eμ2ι.

• Pre-processing step.

• Data-matrix construction.

• Subtracting the mean from our data set.

• Calculating the Covariance matrix.

• Calculating Eigenvectors and Eigenvalues of the covariance matrix.

• Choosing components and forming the feature vector.

• Projecting the data on the reduced space.

• {
Clustering the projected data, if we are training the system;

or calculating the distances to the cluster’s centers, if we are testing the system.

5.3.1 Pre-processing step

The way of pre-processing the sequences before PCA without temporal dependencies

was exactly the same as we explained in Section (4.1).
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Thus, after eliminating the erroneous values, interpolating them and expressing the

orientation given by the NoB sensor on a unit circle, for each sequence we got a matrix

like the one in Figure (5.3).

Figure 5.3: Example of the text file’s content of one activity once we have pre-

processed the NoB sensor’s output.

5.3.2 Data-matrix construction

In order to reduce the number of dimensions of our data set, first of all we had to

calculate the covariance matrix of our data and find its eigenvectors and eigenvalues.

The question here is how to construct our data matrix? In other words, to calculate

the covariance matrix we need an initial matrix. How to construct the matrix to find the

correlation between the data was one of the most difficult decisions related to applying

PCA.

As we mentioned before, every activity was performed by twenty different persons,

and every person repeated each activity in three different orientations, two different

heights and three trials for each one. Hence, we were dealing with a huge database and

we had a lot of information available about how an activity is performed but to use it

in an efficient way is one of the hardest tasks.

The idea was to construct a different data matrix for each activity. The data matrix

had not only to compile all the needed information to learn the essence of that activity,

but also not to contain any unnecessary information which could mask the character-

istics of the activity. Although every author constructed the data matrix differently

depending on their own aim ([35], [34] and [48]) we chose to construct the matrix in a

different way. In order to reduce the dimensionality of our data-set, we should find the

correlation between the different dimensions of each activity. For that reason, we con-

structed one matrix for each activity and this means that we had four different matrices
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corresponding to the four different activities.

The reason why every activity was demonstrated by twenty people at three different

orientations, two different heights and three times each one is that as more complete is

the database in the training step, i.e. as more different ways performing each activity

we have, more robust will be the system classifying the activities in the runtime. This

is motivated by the fact that we wanted to design a system that is able to classify an

activity independently of the conditions in which the activity was performed for the

training step. In other words, we aimed at uncovering a pattern representing each

activity independent of the environment and the conditions under which they were

performed.

Therefore, taking into account all the different ways in which an activity was

demonstrated, the input data matrix was as the one shown in Tables (5.1) and (5.2).

The acronyms used in Tables (5.1) and (5.2) are explained below;

Height or Level (L):

1. L1: On the table. The activity was performed with the object on the table.

2. L2: On the box. The activity was performed with the object on the box.

Orientation(O):

1. O1: Zero degrees. When the activity was performed, the human was positioned

perpendicular to the table.

2. O2: Thirty degrees. When the activity was performed, the human was positioned

at thirty degrees with regards to the perpendicular of the table.

3. O3: Sixty degrees. When the activity was performed, the human was positioned

at sixty degrees with regards to the perpendicular of the table.

Trial (T):

1. T1: First trial.

2. T2: Second trial.

3. T3: Third trial.

We tested the system using one, two, three sensors or all four sensors. In all the

cases, the matrix looked like the one in Tables (5.1) and (5.2), but the number of rows

would correspond to the sensors considered.
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Person1 Person2 ... Person19 Person20

Sensor 1 x

y

z

sin(α)

cos(α)

sin(β)

cos(β)

sin(γ)

cos(γ)

Sensor 2 x

.

.

.

cos(γ)

Sensor 3 x

.

.

.

cos(γ)

Sensor 4 x

.

.

.

cos(γ)

Table 5.1: Input data matrix used in PCA dimensionality reduction technique.

By constructing the matrix in this way, we tried to find the correlation between

the different dimensions. Therefore, if we are using the information given by the four

sensors, the covariance matrix will be 37 by 37. Reducing the dimensionality of our

data set will mean to reduce the number of rows in Table (5.1). The columns in that

matrix can be understood as different trials of the same process, helping us to find the

correlation between the different dimensions of one activity.

As it can be seen, we just try to find the correlation between the dimensions of
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Personn

L1O1T1 L1O1T2 L1O1T3 L1O2T1 L1O2T2 ... L2O3T3

t1...tn t1...tn t1...tn t1...tn t1...tn ... t1...tn

x

y

z

sin(α)

cos(α)

sin(β)

cos(β)

sin(γ)

cos(γ)

Table 5.2: Zoom of one column of the input data matrix used in PCA dimensional-

ity reduction technique taking into account only the information given by one of the

sensors.

our data set without taking into account that consecutive time points of a sequence are

related ´to each other. That is the reason why in this step we applied PCA without

taking into account the temporal meaning of an activity; i.e. the data was used without

the temporal dependencies.

5.3.3 Zero mean

As it was mentioned in Section 5.2, in order to calculate the covariance matrix, the

data-set has to have zero mean. First of all we had to subtract the mean from each

of the data dimensions. The mean subtracted is the average across each dimension,

hence, we subtracted x̄ to the dimension x, ȳ to the dimension y and so far and so on.

5.3.4 Calculating the Covariance matrix

Once the mean was subtracted from the data, the next step was to calculate to covari-

ance matrix. This was done exactly in the same way as it was explained in Section

(5.1.5).

The resulting covariance matrix was a squared matrix with the same number of

columns and rows as the number of dimensions considered. The calculation performed
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to solve the covariance matrix was:

Cov(Data) =
Data ∗ DataT

(NumberColumns − 1)
(5.17)

5.3.5 Calculating Eigenvectors and Eigenvalues

Once we had the covariance matrix for the data set, the next step was to extract its

eigenvectors and eigenvalues.

If we look at Figure (5.4), we can see that the data had a strong pattern and that the

eigenvectors pass through the middle of the data. The eigenvectors show the pattern of

the data. The most important eigenvector (the longest one in the picture) is the direc-

tion along which the data is scattered most, the second eigenvector (the second longest

one in the picture) gives the the second direction along which the data is scattered, and

so on.

Figure 5.4: Original data and its eigenvectors. We can see that the data have a strong

pattern and that the eigenvectors pass through the middle of the data.

(a) (b) (c)

By taking the eigenvectors of the covariance matrix, we extracted the directions

that characterize the data. The next step was to express the data in terms of these

directions.

As an example, if we calculate the eigenvalues and eigenvectors for one of the

activities using only one sensor, the resulting eigenvectors and eigenvalues look like

the ones in Figure (5.5).
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Figure 5.5: Values of the eigenvectors and eigenvalues calculated using only one sen-

sor.

(a)

(b)

5.3.6 Choosing components and forming the feature vector

Finally, the notion of data compression and dimensionality reduction arises. If we

look at the eigenvalues presented as an example in Figure (5.5), we can notice that the

eigenvalues have very different values, sorted from the highest to the lowest one. In

fact, it turns out that the first three eigenvalues are much higher than the rest.

As it was mentioned before, the eigenvector with the highest eigenvalue is the first

principal component of the data set, the eigenvector with the second highest eigenvalue

is the second principal component of the data set, and so on. On account of this, we

sorted the eigenvalues and eigenvectors in order of importance and we chose the ones

which were bigger than the highest eigenvalue multiplied by 0.005 and we ignored the

rest.

⎧⎨
⎩vn is taken if λn > 0.005λ1

vn is ignored if λn < 0.005λ1

(5.18)

Hence, the dimensionality reduction that we achieve is;

� If we construct the data matrix with only the information given by one sensor

(the sensor placed on the hand) : The number of dimensions was reduced from nine to

three.
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� If we construct the data matrix with the information given by two sensors (the

sensor placed on the hand and the one on the thumb) : The number of dimensions was

reduced from eighteen to five.

� If we construct the data matrix with the information given by three sensors (adding

the one placed on the forearm) : The number of dimensions was reduced from twenty

seven to six.

� If we construct the data matrix with the information given by the four sensors :

The number of dimensions was reduced from thirty six to seven.
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Figure 5.6: Values of the position taken by the four sensors while performing a ”rotate”

activity. The sequences marked with circles correspond to the sensor placed on the

hand, the sequences marked with squares correspond to the sensor placed in the center

of the hand, the ones with triangles correspond to the sensor on the forearm and the

ones with crosses correspond to the sensor placed on the triceps muscle.

It stand to reason that when we increased the number of sensors used, the com-

pression achieved was higher too, since the majority of the information added by the

third or fourth sensor was redundant. This is normal since the limbs of the arm are

rigidly attached to the body, so while performing the activities, the sensors located on

the arm and forearm took different values along the duration of the activity and from

one activity to another while the sensors located on the upper part of the arm rather

moved from the original positions. An example of this is shown in Figure 5.6.

In this way, we lost some information of the data, but as the ignored eigenvalues
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were pretty small, we did not loose too much. Moreover, by leaving out some com-

ponents, we were reduce the dimensionality of the data. If originally our data-set had

n dimensions, and we choose only the first p eigenvectors, the final data-set will have

only p dimensions with p < n. In the example mentioned before, the original data had

nine dimensions and we chose the first three eigenvectors, therefore the final data will

have only three dimensions.

5.3.7 Data Projection

This is the last step in the PCA procedure. Once we had chosen the eigenvectors we

wanted to keep, we form a feature vector with these eigenvectors, take the transpose

and multiply on the left of the original data set as shown in Equation (5.19) .

Projected − Data = V ectors − consideredT ∗ Data; (5.19)

Here ’Projected-Data’ is the final data set, where its rows represent the new dimen-

sions and its columns the data points. This gives us the original data expressed in terms

of the chosen eigenvectors with the corresponding dimensionality reduction.

Let us continuing with the example given in Figure (5.4). The eigenvectors show

us the pattern in the data. Now, Figure (5.7)) show how the new data-set has been

projected along the most important eigenvector (the longest one in the picture), i.e. the

direction along which the data is more scattered.

Figure 5.7: Data projected into its eigenvectors

(a) (b)

Dimensionality reduction has to be done because:

• we have to perform classification and many of the classification methods per-

form worse or even fail when dealing with high dimensional data due to their

sensitivity to the input data dimensionality.
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• there are many training data which can help us to uncover the low dimensional

underlying structure of the data.

The next step will be to cluster the lower dimensional data set. Clustering has to

be performed because:

• data has a temporal dimension which can help us to group close time points be-

longing to different trials of the same activity in one cluster, characterize all these

data points with the center of the cluster they belong to and therefore reducing

the computational requirements.

• We have to perform classification, so we need to characterize the activities. The

cluster center’s of each activity will characterize it.

5.3.8 Data Clustering

The last step applied in the PCA procedure was the following

Final − Data = V ectors − ConsideredT ∗ Data (5.20)

where ’Final-Data’ was the projected data-set with its rows representing the axes

of the new reference frame and its columns representing data points. Therefore, what

we have is the original data set expressed in terms of the chosen eigenvectors.

From now on, we will have to differentiate between the training and the testing data

set. We applied clustering only in the projected training data set in order to find the

centers of the clusters characterizing each activity while we used the testing data-set

to calculate the distances from every point of the tested sequences to the centers of the

clusters and thus, classify the activities.

Hence, we will cluster the models representing each activity (matrices constructed

in the training step) and taking the cluster centers as the representation of each activity.

In that way, we only need to calculate the distances from the points of the test sequence

to the cluster’s centers and deciding on the basis of lowest distance. The way in which

the distances are calculated will be explained in more detail later on.

We applied two different clustering algorithms in order to compare their perfor-

mance and increase the robustness of our results. Particularly, we applied the two

methods explained before: k-means clustering and GK-clustering algorithm.

We start by an introduction the theory of fuzzy clustering based on [49] so that one

can understand the clustering performed in our data-set.
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Mathematical Background

This mathematical introduction is adapted from [49]. The objective of the cluster

analysis is the classification of data into groups according to similarities among them.

The power of the cluster analysis is to detect the underlying structure in the data,

not only for classification and pattern recognition, but also for model dimensionality

reduction and optimization.

The Data The clustering techniques can be applied to data that is quantitative (nu-

merical), qualitative (categorical), or a mixture of both. In our project, only the cluster-

ing of quantitative data is considered. Usually, a data set is one or more observations

of a physical process and each observation consists of n measured variables (or dimen-

sions), grouped into an n-dimensional row vector xk = [xk1, xk2, .....xkn]T ; xk ∈ �n.

A set of N observations can be represented by an Nxn matrix such as Figure (5.21):

C =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎝

x11 x12 ... x1n

x21 x22 ... x2n

. . ... .

. . ... .

. . ... .

xN1 xN2 ... xNn

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎠

(5.21)

The clusters First of all; What is a cluster? The definition of a cluster depends on

the type of data we work with. One may accept the view that a cluster is a group of

points that have some common characteristics or that are more similar to one another

than to members of other clusters. Other views stand that a cluster is group of gathered

objects occurring closely together or a number of collected objects lying contiguous.

The term ”similarity” should be considered in a mathematical framework, mea-

sured in some well-defined manner. In our case, similarity is defined by means of a

distance norm. The distances can be measured among the data vectors themselves, or

distances from the data vectors to some prototypical point of the cluster. However,

the prototypes are usually not known beforehand, and are solved by the clustering

algorithms simultaneously with the partitioning of the data. The prototypes may be

multi-dimensional vectors with the same number of dimensions as the data points, but

this is not a strict requirement.

The clusters can be of different geometrical shapes, sizes and densities and they

can be characterized as linear or nonlinear subspaces of the data.
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Nowadays, algorithms that are be able to detect subspaces of a data space are of

particular interest for identification, recognition and classification.

The performance of most clustering algorithms is influenced not only by the geo-

metrical shapes, sizes and densities of the individual clusters but also by the distance

metric chosen, the spatial relations and distances among the clusters.

One way to classify the cluster algorithms can be according to whether the clusters

are well-separated, continuously connected to each other, or overlapping each other.

Cluster partition method Since clusters can formally be seen as subsets or sub-

spaces of a data space, one possible classification of clustering methods can be ac-

cording to whether the subsets are fuzzy or hard.

Hard clustering methods are based on classical set theory, and require that a point

either does or does not belong to a cluster. Hard clustering in a data set X means

partitioning the data into a specified number of mutually exclusive subsets of X . The

number of subsets (clusters) is denoted by c.

Fuzzy clustering methods allow objects to belong to several clusters simultane-

ously, with different degrees of membership. The data set X is thus partitioned into

c fuzzy subsets. In many real situations, fuzzy clustering is more natural than hard

clustering, as objects on the boundaries between several classes are not forced to fully

belong to one of the classes, but rather are assigned membership degrees between 0

and 1 indicating their partial memberships.

Different clustering algorithms Although there are many different clustering meth-

ods, we will present here only those two used in our project.

K-means clustering algorithm is a partitioning method in which the clusters are

mutually exclusive (hard partitioning method). K-means algorithm allocates each data

point from an Nxn dimensional data set, to one and only one of c clusters to minimize

the within-cluster sum of squares:

c∑
i=1

∑
k∈Ai

‖xk − vi‖2 (5.22)

Where Ai is the set of data points which belong to the i-th cluster and vi the mean

of that i-th cluster. Actually, (5.22) denotes a distance norm.

Before, we mentioned the cluster prototypes, in the K-means algorithm, vi is one

cluster prototype called the cluster center:
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vi =
PNi

k=1 xk

Ni
xk ∈ Ai (5.23)

Where Ni is the number of data points in the Ai cluster.

Fuzzy C-means clustering algorithm is a fuzzy partitioning method based on the

minimization of an objective function called ”C-means functional”;

J(X; U, V ) =
c∑

i=1

N∑
k=1

(μik)
m‖xk − vi‖2

A (5.24)

V = [v1, v2, ...., vc]

vi ∈ �n

D2
ikA = ‖xk − vi‖2

A = (xk − vi)
T A(xk − vi) (5.25)

where V is a vector of cluster centers which have to be determined, and D is a

squared inner-product distance norm. Mathematically, J can be seen as a measure of

the total variance of all the data points xk of the i-th cluster from the mean vi of such

cluster.

The minimization of the ”C-means functional” function J represents a nonlinear

optimization problem that can be solved by using a variety of available methods. One

of the most popular method is a simple Picard iteration through the first-order condi-

tions for stationary points of J, known as the fuzzy c-means (FCM) algorithm. Some

references are [50], [51], [52] and [53].

The Gustafson-Kessel algorithm
Gustafson-Kessel is a fuzzy clustering algorithm which keeps the basic concept

of the fuzzy c-means algorithm by allowing the points to belong to several clusters

simultaneously, with different degrees of membership while extends it by employing

an adaptive distance norm in order to detect clusters of different geometrical shapes

in one data set. Specifically, each cluster has its own norm-inducing matrix Ai, which

produces the following inner-product norm:

D2
ikAi

= ‖xk − vi‖2
Ai

= (xk − vi)
T Ai(xk − vi) (5.26)

The matrices Ai are used as optimization variables in the ”C-means functional”

function J, allowing each cluster to adapt the distance norm to the local topological

structure of the data. Let A denote a c-dimensional vector with the norm-inducing ma-

trices: A = (A1; A2; ...; Ac). The objective of the GK-clustering algorithm is defined

by (5.28):
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J(X; U, V,A) =
c∑

i=1

N∑
k=1

(μik)
mD2

ikAi
(5.27)

Moreover, the objective function J can be directly minimized with respect to Ai,

since it is linear in Ai.

J(X; U, V, A) =
c∑

i=1

N∑
k=1

(μik)
m‖xk − vi‖2

Ai
= (xk − vi)

T Ai(xk − vi) (5.28)

This means that J can be made as small as desired by simply making Ai less positive

definite. However, to obtain a feasible solution, Ai should be constrained in some

way. The usual way of constraining Ai is to bound its determinant. Allowing the

matrix Ai to vary with its determinant fixed, (as shown in equation number (5.29)).

More specifically, this corresponds to optimizing the cluster’s shape while its volume

remains constant.

‖Ai‖ = ρi ρ > 0 (5.29)

Where ρi is fixed for each cluster. Using the Lagrange multiplier method, the

following expression for Ai is obtained;

‖Ai‖ = [ρi det(Fi)]
1/nF−1

i (5.30)

(23)

Where Fi is the fuzzy covariance matrix of the i-th cluster defined by the equation

().

Fi =

∑N
k=1(μik)

m(xk − vi)(xk − vi)
T∑N

k=1(μik)m
(5.31)

We used a Matlab toolbox in order to apply this two clustering methods, so the

study of this expressions is beyond the scope of our project.

In order to clarify the difference between them, two graphical examples are shown

in Figures number (5.9(a)) and (5.9(b)).
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Figure 5.8: Comparison between hard and fuzzy clustering algorithms

(a) Example of K-clustering algorithm (b) Example of GK-clustering algorithm

Applying Clustering in our data step by step

As mentioned before, we only cluster the sequences in the training step. Therefore, we

will focus our attention on the training data-set.

Summarizing, the global steps performed in our data were:

• Pre-processing step.

• Data-matrix construction.

• Subtracting the mean from our data set.

• Calculating the Covariance matrix.

• Calculating Eigenvectors and Eigenvalues of the covariance matrix.

• Choosing components and forming the feature vector.

• Projecting the data on the reduced space.

• {
Clustering the data projected, if we are training the system;

Calculate the distances to the cluster’s centers, if we are testing the system.

As shown in Figure(5.9), we can see why a clustering procedure is needed in our

projected training data set.

Once PCA has been applied, the number of dimensions has been reduced. As an

output, we have four matrices as the one shown in Figure (5.9) modelling each activity.
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Figure 5.9: Output data matrix after projecting it in the reduced space.

Considering that only the three first eigenvectors were taken and the average length

of a sequence is one hundred time points, the size of an output matrix modelling one

activity is 3 by 36000 (one hundred points each sequence, twenty people performing

the activities, each person performs the activity with two different heights, three dif-

ferent orientations and three trials for each one). Now we take a new sequence in order

to classify it, let us suppose that its length is 100 points.

What we tried to find is the similarity between the test sequence and each of the

four matrices characterizing an activity. It is supposed that the similarity between one

activity and the model characterizing that activity has to be higher than the similarity

to the other three activities.

Now the question is how to measure the similarity in an optimal way so to classify

the new sequence? One way of understanding the similarity between two objects is

through the distance between them; i.e. two objects are more similar to each other

than to the rest of objects in their space if they are closer to each other than to the rest

of the objects.

It stands to reason that if we try to calculate the distance from each time point of

the test sequence to all the thirty six thousand points of the model characterizing every

activity, the computational time is significant.

Hence, clustering the training matrices and taking the cluster centers as the rep-

resentation of each activity may be a good solution. In that way, we only need to

calculate the distances from all the points of the test sequence to the cluster’s centers

and deciding in base of lowest distance. The way in which the distances are calculated

will be explained in more detail in the subsection (5.3.9).

As mentioned before, two different clustering algorithms were applied in order to

compare their performance and increase the robustness of our results. Particularly, we

applied the two methods explained before; k-means clustering and GK-clustering.
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Choosing the number of clusters The way of deciding the best number of clusters

for the k-means algorithm was slightly different from the GK-clustering algorithm. In

both cases we decide the best number of clusters by two approaches.

The first approach was to plot the data, analyzing it carefully and see more or less

which pattern follows the data. In this manner we can see (in a subjective way) which

number of clusters fits best in our data.

The second approach was to test the system for a number of clusters slightly higher

and lower than the one chosen before (by trial and error). The one which performs

better is considered as the best number of clusters.

The difference between the two methods was that in the k-means algorithm the

number of clusters in the second approach was decided on base of the results given in

the classification step, while in the GK-clustering algorithm, an output from the func-

tion performing the clustering was the error received by approximating the sequences

by the cluster’s centers instead of considering all the data points.

In both cases we had to balance the precision of applying one method with the

complexity that it has. Usually, the higher the complexity, the lower the approximation

error. Extrapolating that concept to our problem, what is expected is that as higher we

take the number of clusters, lower the error which we deal with. Nevertheless the more

precise we are, the higher is the complexity.

Eventually, we found that a good trade off between the error and the complexity

was to cluster the sequences in five clusters. A higher number of clusters did not

improve noticeably the number of correct classifications while the processing time

was two or three times higher and a lower number of clusters did not perform as well

as needed.

Performance comparison In order to compare the performance of the k-means clus-

tering algorithm with the GK-clustering algorithm, there are two issues to take into

account, namely;

Execution time: About the execution time, K-means is approximately two or three

time faster than the GK-clustering method.

Final rate of correct classifications: The number of correct classifications is quite

similar in both cases, and one can not conclude that one of the clustering algo-

rithms is better than the other just looking into this. Moreover, depending on the

circumstances or the type of data, Gk-clustering performs better than k-means

clustering and viceversa.
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Therefore, if we compare the K-means algorithm and the GK-clustering algorithm

on the whole, we can conclude that the k-means algorithm performs slightly better

because is the best trade-off between complexity, execution time and final results than

the GK-clustering algorithm.

Nevertheless, we tested our system always with both of the algorithms.

5.3.9 Experimental Evaluation

As already mentioned, the goal is to classify four different activities;

1. Push forward an object placed on a table

2. Pick up an object placed on a table

3. Put down an object on a table

4. Rotate an object placed on a table

Each task was performed by 20 different people using three orientations, two levels

and three trials for each one. As we have three trials, we have tested our system for

all the possible combinations of two trials for training the system and the third one for

testing it, i.e. we split our data base in three data sets, and we used two data sets to

train the system, and we tested the system with the third one.

As it was mentioned before, we do not apply clustering to the testing sequences.

We calculate the distances from the tested sequences to the centers of the clusters

characterizing every activity in order to find the similarity between the test sequence

and each of the activities and hence classify an activity.

Showing again the outline of our work, right now we are carrying out the point

highlighted with bold face.

• Pre-processing step.

• Data-matrix construction.

• Subtracting the mean from our data set.

• Calculating the Covariance matrix.

• Calculating Eigenvectors and Eigenvalues of the covariance matrix.

• Choosing components and forming the feature vector.
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• Projecting the data on the reduced space.

• {
Clustering the data projected, if we are training the system;

Calculate the distance to the cluster’s centers, if we are testing the system.

To classify one sequence,we took the four matrices characterizing the four different

activities, then, we clustered each training model in five (three or eight) clusters and

kept the cluster’s centers of each activity model as the characterization of such activity.

Then, we took the sequences we wanted to classify and calculated the distance of all

the sample points of that sequence to the centers characterizing each activity. Taking

one test sequence, we calculated the distances four times, one for each set of cluster’s

centers. The activity which accumulated the smallest distance is the activity the testing

sequence belongs to.

We will explain how to calculate the distances in more detail in the next section.

How to calculate distances?

The problem here is to find the similarity between the test sequence and the four mod-

els characterizing the activities. We assume that the similarity between a new testing

activity (tested sequence) and the model characterizing that activity has to be the high-

est. Similarity is estimated in terms of Euclidean distance.

To simplify the understanding of how to calculate the similarity, we explain it in

one dimension. First of all, we take one testing sequence and the centers of the clusters

characterizing every activity (Figure (5.10)).

Figure 5.10: Testing sequence and cluster’s centers characterizing one activity.

As an example, we can suppose that the testing sequence is a push activity. We take

all the points of the testing sequence one by one and the cluster’s centers characterizing
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the push activity. Then we find for each point the closest center of all the cluster’s

centers considered, such as in Figure (5.11).

Figure 5.11: Every point in the test sequence corresponds to one cluster’s center.

We calculate the distances between each point of the tested sequence and its closest

center.

Figure 5.12: The tested sequence has been divided in sections, each one corresponds

to one cluster’s centers

Finally, we sum the distances calculated for all the points. The resulting distance

is a value characterizing the similarity between the tested sequence and the push se-

quence. We repeat this procedure considering the clusters for all the remaining ac-

tivities. Eventually, we have four values corresponding to the four distances from the

tested sequence to the four different models of the activities. The smallest distance

means the highest similarity.

In order to calculate the distance D from each point of the tested sequence to the

corresponding cluster’s center, we considered Euclidean distances (Figure (5.13)).

For multi-dimensional data, the expression is (5.32).

d =
√

(x − x0)2 + (y − y0)2 + (z − z0)2 + ... + (k − k0)2 (5.32)
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Figure 5.13: Three-Dimensional Euclidean Distance

Classifying the activities

Finally, the last step is to determine to which activity the sequence that we were testing

belongs to by using the smallest distance as classification.

The results of the experimental evaluation using this approach are shown in Chapter

(7).

5.4 Applying Principal Component Analysis with tem-
poral dependencies

During the second stage of the project, we continued applying a linear dimensionality

reduction technique using PCA.

In contrast to the previous approach, we took into account the temporal depen-

dencies of the activities. This means that the activity was considered as a continuous

process in which every instant point is related to their neighbors. This approach is

more similar to those used for classification of cyclic motions [32].

In general, the steps followed applying this algorithm were almost the same as the

ones applied in the previous section. The steps in which we introduced changes are

marked with an asterisk;

1. Pre-processing step. (∗)

2. Data-matrix construction. (∗ ∗ ∗)

3. Subtracting the mean from our data set.

4. Calculating the Covariance matrix.
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5. Calculating Eigenvectors and Eigenvalues of the covariance matrix.

6. Choosing components and forming the feature vector.

7. Projecting the data on the reduced space.

8. If we are testing the system � Classify the sequence. (∗∗)

5.4.1 Pre-processing step

The way we pre-processed here was quite similar to the one applied in PCA without

temporal dependencies except that we normalized the length of the sequences before

constructing the data matrix.

First of all, we eliminated the noise inherent to the sensors. Then we interpolated

the correct values in those points, changed the linear representation of the orientation

with a circular one by projecting the values on a unit circle and finally interpolated or

decimated the sequences in order to normalize their lengths. The reason why we had

to normalize the length of the sequences was that all the sequences had to have the

same length in order to construct the initial data matrix. Another approach to perform

this pre-processing step can be find in [34].

5.4.2 Data-matrix construction

The goal was again to first reduce the dimensionality of our data. Accordingly, we had

to calculate the covariance matrix of the data and find its eigenvectors and eigenvalues.

The first problem is how to construct the initial matrix to find the underlying data

pattern taking into account the temporal dependencies of the data.

In order to reduce the dimensionality of the data-set taking into account the tempo-

ral dependencies of the activities, we had to find the correlation not only between the

different dimensions but also between the different point samples. Moreover, there is

a correlation between two point samples whether they are in the same sequence or not.

Taking into account the temporal dependencies and the different ways in which

an activity was demonstrated, the initial matrix which covariance matrix we had to

estimate is shown in Figure (5.14).

In more detail, the data matrix is built as Tables (5.3, 5.4 and 5.5).

The acronyms used in Tables (5.3, 5.4 and 5.5) are explained below;

Height or Level (L):
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Figure 5.14: Initial data matrix used for PCA taking into account the temporal depen-

dencies.

1. L1: On the table. The activity was performed with the object on the table.

2. L2: On the box. The activity was performed with the object on the box.

Orientation(O):

1. O1: Zero degrees. When the activity was performed, the human was positioned

perpendicular to the table.

2. O2: Thirty degrees. When the activity was performed, the human was positioned

at thirty degrees with regards to the perpendicular of the table.

3. O3: Sixty degrees. When the activity was performed, the human was positioned

at sixty degrees with regards to the perpendicular of the table.

Trial (T):

1. T1: First trial.

2. T2: Second trial.

3. T3: Third trial.
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Person1 Person2 ... Person19 Person20

Sensor 1 x

y

z

sin(α)

cos(α)

sin(β)

cos(β)

sin(γ)

cos(γ)

Sensor 2 x

.

.

.

cos(γ)

Sensor 3 x

.

.

.

cos(γ)

Sensor 4 x

.

.

.

cos(γ)

Table 5.3: Input data matrix used in PCA dimensionality reduction technique taking

into account temporal dependencies in the data.

We constructed one matrix like the one in Tables (5.3, 5.4 and 5.5) for each kind of

activity, so we had four different matrices corresponding to the four different human´s

activities.

As in the previous section, we trained and tested the system using only the sensor

placed on the hand, using the one placed on the hand with the one on the thumb, the

three first sensors (two placed on the hand and one on the forearm) and all the four
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Personn

L1O1T1 L1O1T2 L1O1T3 L1O2T1 L1O2T2 ... L2O3T3

x

y

z

sin(α)

cos(α)

sin(β)

cos(β)

sin(γ)

cos(γ)

Table 5.4: Zoom of a column of the input data matrix used in PCA dimensionality

reduction technique taking into account temporal dependencies in the data and using

the information given by one of the sensors.

Person1 Person2 Person3 ... Person18 Person19 Person20

x t1

t2

t3

t4

t85

Table 5.5: Zoom of a row of the input data matrix used in PCA dimensionality reduc-

tion technique taking into account temporal dependencies in the data.

sensors. In all the cases, the matrix representing the activity looks like the same but

the number of rows would correspond to the sensors considered.

In this approach, to reduce the dimensionality of our data set means to reduce the

number of rows of the matrix. And the columns correspond to different trials of one

activity, which give us the correlation between the different dimensions and time points

of the activity.

From now on, whether we take into account the temporal dependencies or not
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does not concern in the way we applied principal component analysis to reduce the

dimensionality of our data set.

Therefore, we will just point out the principal steps followed;

1. Zero mean

2. Calculating the Covariance matrix

3. Calculating Eigenvectors and Eigenvalues

4. Choosing components and forming the feature vector

Hence, the dimensionality reduction that we achieved was;

• If we construct the data matrix with only the information given by one

sensor (the sensor placed on the hand) : The number of dimensions was

reduced from 765 to 17.

• If we construct the data matrix with the information given by two sensors

(the sensor placed on the hand and the one on the thumb) : The number of

dimensions was reduced from 1530 to 22.

• If we construct the data matrix with the information given by three sensors

(adding the one placed on the forearm) : The number of dimensions was

reduced from 2225 to 24.

• If we construct the data matrix with the information given by the four sen-

sors : The number of dimensions was reduced from 3060 to 26.

5. Projecting the data

6. Testing the system

By reducing the dimensionality of our data set in such a way, we lost the time

variable from the sequences. This is due to we took as dimensions to reduce not

only the position and orientation dimensions given by the NoB sensors (changing the

reference frame) but also the time points (loosing the sequencing of the points in an

activity).

Therefore an initial data matrix of an activity like the one in Table (5.6) becomes

like the one in Table (5.7) after applying PCA.
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Person1 Person2 Person3 ... Person20

x t1

t2

t3

t4

.

.

.

t85

y t1

t2

t3

t4

.

.

.

t85

.

.

.

cos(γ) t1

t2

t3

t4

.

.

.

t85

Table 5.6: Matrix modelling an activity before applying PCA considering the temporal

dependencies in the data using the information given by one of the sensors..

Finally, we had a model representing each activity. The matrices modelling the

activities have a number of dimensions (rows) from 17 to 26 and their length (demon-

strations) was exactly 360.

Once we have constructed a model for each activity, the next step will be to classify
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Person1 Person2 Person3 ... Person20

eigenvector1

eigenvector2

eigenvector3

.

.

.

eigenvector22

Table 5.7: Matrix modelling an activity after applying PCA considering the temporal

dependencies in the data.

(recognize) a new activity.

5.4.3 Experimental Evaluation

The goal was again to find the similarity between the sequence in test and the four

models characterizing each activity.

After applying PCA into the tested sequence, the vector representing the testing

sequence looked like Table (5.8) (in which we have taken into account only the in-

formation given by the first sensor) and it should be compared with the four models

representing each of the four activities as shown in Table (5.9).

Testing Sequence

eigenvector1

eigenvector2

eigenvector3

.

.

.

eigenvector22

Table 5.8: Test sequence representing an unknown activity after applying PCA consid-

ering the temporal dependencies in the data.

We had to calculate the distances from the tested sequence to each of the four

models representing each activity in order to find the highest similarity and hence, be
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Push—Rotate—Put-down—Pick-up

Person1 Person2 Person3 ... Person20

eigenvector1

eigenvector2

eigenvector3

.

.

.

eigenvector22

Table 5.9: Model representing an activity after applying PCA considering the temporal

dependencies in the data.

able to classify it.

How to calculate distances?

The problem here is again to find the similarity between the test sequence and the four

models characterizing the activities. As in the previous approach we assume that the

similarity is estimated by Euclidean distances.

Let us suppose that we were using only the information given by the sensor placed

on the hand. Then, what we had in the low dimensional space was a 22-dimensional

point representing the testing sequence and four 22-dimensional models representing

each of the activities. The models representing the four activities were 360 points long.

An example of this plotting only the first three dimensions is shown in Figure (5.15).

Thus, we calculated the distance between the testing sequence and all the points

of each sequence representing an activity. We sum the distances calculated to all the

points of one sequence characterizing an activity. The resulting distance was a value

characterizing the similarity between the testing sequence and the activities. We re-

peated this procedure considering the four activities. Eventually, we had four values

corresponding to the four similarities between the testing sequence and the four ac-

tivities. The smallest distance meant the highest similarity. Therefore, the sequence

which accumulated the lowest distance was the kind of activity the testing sequence

belonged to.

The results of the experimental evaluation using this second approach are attached

in Chapter (8).



5.4 Applying Principal Component Analysis with temporal dependencies 72

1
0

1
2

3
4

1

0

1
2

3
4
0

0.5

1

1.5

2

2.5

3

3.5

Testing sequence

Put down  Rotate

Push

Pick  up

Figure 5.15: Representation of the classification procedure in a 3-D space. The testing

activity becomes a n-dimensional point after applying PCA. Each activity is repre-

sented by a n-dimensional model. To classify the testing activity the distances to the

four models are calculated. The lowest the distance to a model, the highest the simi-

larity to this model.
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Chapter 6

Non-linear Dimensionality Reduction

The second method evaluated for activity recognition was a non-linear dimensionality

reduction technique.

As explained in Chapter 5, Principal Component Analysis was used to learn a set of

principal components (PCs) that characterize the data. The main problem using PCA

was that linear PCs cannot represent the non-linear nature of motion sequences. In

that assumption we could find the reason why the results obtained when applying PCA

were not good enough or why the system could not learn the essence of the activities

when they were performed in a variety of conditions.

In addition, in the first implementation of PCA sample points were assumed to

have no temporal dependencies, which has shown even worse performance.

Experimental evaluation and results have shown that a the previous method was

not able to uncover the underlying structure of the human activities.

Our assumption was that these problems may be handled by using non-linear spa-

tial dimensionality reduction and accounting for temporal dependencies.

Therefore, in this chapter we focus on a non-linear dimensionality reduction to find

the intrinsic spatio-temporal structure of the motion data and to use this for classifica-

tion purposes. In particular, we applied an extended version of Isomap called Spatio

Temporal (ST) Isomap.

6.1 Multidimensional Scaling

In order to make the understanding of ISOMAP straightforward, we will explain here

the concept of MDS in a whole. We will base it on the work reported in [54] and [55].

The goal of MDS is to provide a visual representation of the pattern of similarities
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(distances) among a set of sample points. Particularly, given a matrix of perceived

similarities between several objects, MDS plots them on a map in a way that those

sample points which are perceived as similar to each other are placed near each other

on the map, and those ones that are perceived to be very different from each other are

placed far away from each other on the map.

For instance, given a matrix of distances among streets in Stockholm, MDS pro-

duces a map in which the smaller the input distance (similarity), the closer they are on

the map and vice versa.

Explained from a more technical point of view about, what MDS does is to find

a set of vectors in a p-dimensional space such that the matrix of Euclidean distances

among them corresponds as closely as possible to a function of the input data matrix

according to some criterion. The criterion is a function called stress.

An outline of an MDS algorithm could be:

1. Assign points to coordinates in a p-dimensional space.

2. Compute Euclidean distances among all pairs of points to construct the distance

matrix.

3. Compare the distance matrix with the input matrix by evaluating the stress func-

tion. The smaller the value, the greater the correspondence between the input

and the distance matrices.

4. Adjust coordinates of each point in the direction that best maximally the stress

function.

5. Repeat the second, third and fourth step until the stress function converges.

6.1.1 Input Data

The input to MDS is a square and symmetric matrix. Its values indicate relationships

between sample points. The input matrix can be a similarity matrix or a dissimilarity

matrix. A matrix is a similarity matrix if larger numbers indicate more similarity

between objects and a matrix is a dissimilarity matrix if larger numbers indicate less

similarity.

Such distinction is used as a tool for indicating whether larger numbers in the input

data should mean that a given pair of sample points should be placed close to each

other on the map, or far away.
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A common used example of a similarity input matrix is a matrix of correlations

among variables. Variables with high positive correlations are placed near each other

on the map, and variables with strong negative correlations far apart.

In other words, MDS is just a way to ”rearrange” sample points in an efficient

manner, so as to achieve a configuration that best approximates the observed distances.

It moves the sample points around their space defined by a number of dimensions, and

checks how well the distances between sample points can be reproduced by the new

configuration. The stress function is only a minimization algorithm that evaluates

different configurations with the goal of maximizing the goodness-of-fit.

6.1.2 A measurement of the goodness-of-fit: Stress function

The most common measure that is used to evaluate how well a particular configuration

reproduces the distance matrix is the stress function [54] [55]. The general form of

this function is;

S =

√∑∑
(f(xij) − dij)2∑∑

d2
ij

(6.1)

In this formula, dij stands for the Euclidean distances across all the dimensions

between points xi and xj given the respective number of dimensions, and xij stands

for the input data (observed distances). The expression f(xij) indicates a nonmetric,

monotone transformation of the observed distances. Thus, it will attempt to reproduce

the order of the distances between the sample points in the analysis.

6.1.3 How Many Dimensions to Specify?

As a general rule, the more dimensions we use in order to reproduce the distance

matrix, the better is the fit of the reproduced matrix to the observed one, and therefore,

the smaller is the stress. In fact, if we use as many dimensions as there are variables,

we can perfectly reproduce the observed distance matrix. But in this way, we do not

achieve our goal of reducing the dimensionality of the data set. As the analysis of this

issue goes beyond the scope of this project, we refer to [54] and [55] for more details.

6.1.4 Interpreting the Dimensions

The interpretation and understanding of the dimensions usually represents the final and

most important step of the analysis.
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There are two important issues to take into account about an MDS map.

• First; the axes are meaningless; i.e., the sample points can be moved around their

space provided that the distances between them are not modified.

• Second; the orientation of the picture is arbitrary; i.e., the location of the points

is not as important as the relations between them.

For instance, continuing with the same example of distances among streets in

Stockholm, the representation does not need to be oriented such that north is up and

east is right. In fact, north might be down and east up to the left. All that matters in an

MDS map are the relative distances between points (i.e., which points are close or far

apart to which others).

However, one thing one must keep in mind when looking at a map that has a non-

zero value of the stress function, is that the distances among sample points are imper-

fect and distorted representations of the relationships given by the input distance data

matrix. The higher the stress, the greater the distortion on approximation of data.

Nevertheless, one can rely in general on the higher distances as being accurate.

This is due to the stress function accentuates discrepancies in the larger distances, and

thus, the MDS procedure tries harder to get those right.

There are two things to look for in interpreting a MDS representation: clusters and

dimensions.

• Clusters are groups of sample points that are by some metric similar to each

other or that share some characteristics.

It can happen that the points within a cluster are very close, and different clusters

are highly separated from each other. This means that each cluster is a domain

or sub-domain which could be analyzed individually.

In such a case, it is very important to take into account that the relationships

observed between sample points within a cluster should not be trusted because

the exact placement of the sample points within a tight cluster has a very little

effect on the overall stress, and so, the distances may be somewhat arbitrary.

• Dimensions are intrinsic attributes of the sample points that seem to arrange

them in the MDS map.

For instance, a MDS map of perceived similarities among breeds of birds may

show a distinct ordering of birds by size. The ordering might go from right to
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left, top to bottom, or move diagonally at any angle across the map. At the same

time, an independent ordering of birds according to their sounds might be ob-

served. This ordering might be perpendicular or parallel to the size dimension.

The underlying dimensions are thought to ”explain” the perceived similarity be-

tween sample points.

The way in which the human interprets the similarity between objects is that

objects have attributes (dimensions) such as size, intelligence, happiness, etc in

varying degrees, and the similarity between objects is a function of their similar-

ity across all attributes (dimensions). The total similarity between two objects is

often conceived of as a weighted sum of the similarity across each dimension,

where the weights reflect the influence of the dimensions [54].

6.2 Isometric Mapping: ISOMAP

The basic idea behind ISOMAP consists of overcoming the limitations of the tradi-

tional metric Multidimensional Scaling (MDS), which is linear, by replacing the Eu-

clidean distance by another metric. Indeed, MDS encounters difficulties when project-

ing nonlinear structures because the pairwise Euclidean distances after projection are

much larger than in the embedding space. ISOMAP shares the advantages with PCA

and MDS, such as computational efficiency and asymptotic convergence guarantees,

but offers more flexibility to learn a broad class of nonlinear manifolds [11].

For data lying on a nonlinear manifold, the ”true distance” between two data points

is the geodesic distance on the manifold, i.e. the distance along the surface of the

manifold, rather than the straight-line Euclidean distance. One can see an example of

each kind of distance in Figure (6.1).

The main purpose of ISOMAP [11] is to find the intrinsic geometry of the data and

it is captured through computing the geodesic manifold distances between all pairs of

data points.

In the ISOMAP procedure, geodesic distances are approximated into different

ways;

• In case of neighboring points, Euclidean distance in the input space provides a

good approximation to geodesic distance.

• In case of faraway points, geodesic distance can be approximated by adding up

a sequence of ”short hops” between neighboring points.
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Figure 6.1: ISOMAP Example

Multidimensional scaling applied to a matrix of geodesic distance removes nonlin-

earities in the data and produces a coordinate space intrinsic to the underlying mani-

fold.

ISOMAP assumes that the underlying structure is manifested as a bordered man-

ifold. However, this underlying manifold can be uncovered providing that the input

data set is dense enough to cover the entire manifold and form a single connected

component.

The input to ISOMAP is a square and symmetric matrix of distances d(xi, xj)

between all pairs of high dimensional points xi and xj in the �q input space.

The output of ISOMAP is d-dimensional coordinate vectors yi in an Euclidean

space �d that best represent the intrinsic geometry of the data.

Isomap works using a three step procedure, shown below [11];

Step 1. Construct neighborhood graph: define the graph G over all data points by

connecting points xi and xj if they are closer than a certain distance ε, or if xi is

one of the K nearest neighbors of xj . Set edge lengths equal to d(xi, xj).



6.2 Isometric Mapping: ISOMAP 79

Step 2. Compute shortest paths: Initialize dG(xi, xj) = d(xi, xj) if xi and xj are

linked by an edge; dG(xi, xj) = +∞ otherwise. Then, for each value of k =

1, 2, ..., N in turn, replace all entries dG(xi, xj) by min{dG(xi, xj), dG(xi, xk) +

dG(xk, xj)}. The matrix of final values DG = {dG(xi, xj)} will contain the

shortest path distances between all pairs of points in G. This procedure is known

as Floyd’s algorithm.

Step 3. Construct d-dimensional embedding: Let λp be the p-th eigenvalue (sorted

from the highest to the lowest) of the matrix τ(DG). The operator τ is defined by

τ(D) = −HSH/2, where S is the matrix of squared distances Sij = D2
ij , and

H is the ”centering matrix” Hij = δij − 1/N , δij is the Kronecker delta function

(see appendix C). Let vi
p be the i-th component of the p-th eigenvector of the

matrix τ(DG). Then set the p-th component of the d dimensional coordinate

vector yi equal to
√

λpv
i
p. That is actually applying classical MDS to the

matrix of graph distances dG.

One of the best properties of ISOMAP is that no explicit model is used to measure

pairwise distances. ISOMAP uses distance metrics based on the underlying mani-

fold. ISOMAP relies only on measuring distances between proximal points and uses

shortest-paths coordination for distances between distal points. The utilization of co-

ordination for distal points provides better uncovering of the underlying structure. In

addition, pairwise coordination provides a means to perform distal correspondence.

This will be explained in more detail in the next section.

ISOMAP has been successfully used to detect the underlying structure of many

high-dimensional data sets and we applied it successfully in human activity recogni-

tion.

However, as it will be shown in the following sections, when the input data is com-

plex and noisy, such as the set of activity sequences captured by our sensor, ISOMAP

sometimes fails to correctly classify them. The reason is that the local neighborhood

structure determined in the first step of ISOMAP is critically distorted by the noise.

For classification purposes, ISOMAP can be viewed as a pre-processing step. When

the dimensionality of the input data is high and intractable, most classification methods

will suffer and even fail. Fortunately, high dimensional data often represent phenom-

ena that are intrinsically of lower dimensionality. Thus, the problem of high dimen-

sional data classification can be solved by first mapping the original data into a lower

dimensional space using ISOMAP, and then, applying K-NN or any other classification

method to classify the testing sequence.
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In our work, three, four, five and six dimensional embeddings were constructed

using ISOMAP and the data was represented in a single global coordinate system.

ISOMAP was a powerful tool to visualize and analyze high-dimensional data, its

global coordinates provided us a simple way to analyze and classify the data.

Since the mapping function is not explicitly given by Isomap, it has to be learned

by some nonlinear interpolation technique. We applied Shepard’s interpolation (see

appendix E) to map the query sequences.

We shortly present here the Shepard’s interpolation procedure although we refer

to appendix E for more details. Suppose that the data in �q is mapped into �d with

(d < q) by ISOMAP. The mapping function f : �d → �q can be learned by the

Shepard’s algorithm using the corresponding data pairs in �d and �q of the training

set. Then, a given query point x0 in �d has to be mapped into �q. To get its lower

dimensional image f(x0), its class label was given as the lowest sum of distances to

the already mapped training sequences.

Unfortunately, this scheme (ISOMAP with Shepard’s interpolation) seems not to

work perfectly in classifying the actions considered. There may be several reasons.

First, real-world data are often noisy, which can weaken the mapping procedure of

ISOMAP. Second, the goal of the mapping in classification is different from that in

visualization. In visualization, the goal is to preserve the intrinsic structure as well as

possible, while in classification, the goal is to transform the original data into a feature

space that can make classification easier, by stretching or constricting the original met-

ric if necessary. Another problem with ISOMAP is that distances for distal points are

typically based on a global Euclidean distance metric. While the Euclidean distance in

the input data space provides a good approximation to geodesic distances for proximal

data pairs, geodesic distances between distal points may not be based on a Euclidean

measurement due to properties of the underlying structure.

Spatio Temporal Isomap (ST-ISOMAP), proposed in [41], addresses these prob-

lems for data with both spatial and temporal dependencies. We applied ST-Isomap as

an improved version of the classical ISOMAP.

6.3 Spatio-Temporal Isometric Mapping

We based the second step of our project on the work done by Jenkins et al. in [41].

ST-Isomap keeps the global framework of Spatial Isomap while including temporal

dependencies between sequentially adjacent points. ST-ISOMAP takes into account
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temporal relationships by;

Proximal disambiguation: Disambiguation of spatially proximal data points in the

input space that are structurally different through temporal windowing (includ-

ing spatial distances between temporally-extended windows of data points).

Distal correspondence: Correspondence of spatially distal data points in the input

space that are structurally similar through common temporal neighbors to reduce

distances between similar points with respect to the underlying spatio-temporal

structure.

The second point highlights the principal difference between spatial Isomap and

spatio-temporal Isomap. It may happen that certain points are spatially distal but

spatio-temporally proximal. That is, these points are corresponding points in the same

spatio-temporal process although they are spatially far apart from each other.

For instance, let us consider the example of an arm waving left and right. Two

equal waving movements are performed, one movement waving high and the other

waving low, see Figure (6.2). Low waving movements are spatially proximal while

structurally different. On the contrary, the low and high movements waving in the

same direction are spatially distal but structurally similar.

Figure 6.2: Example of an arm waving left and right. Low waving movements are

spatially proximal but structurally different, while the low and high waving movements

in the same direction are spatially distal but structurally similar.

ST-Isomap works using a five step procedure:

1. Compute the distance matrix between local neighbors: Calculate a matrix of dis-

tances Dl between local neighbors. The distance matrix Dl is a sparse matrix
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computed from local neighborhoods nbhd(Si) of each point Si. Local neigh-

borhoods are composed of nearest points based on Euclidean distances between

temporal windows about each point. Local neighbors are proximal spatial neigh-

bors and adjacent temporal neighbors (ATN). ATN are adjacent points in the

sequentially order of S.

Adjacent Temporal Neighbor

Proximal Spatial Neighbor

Figure 6.3: An example of a neighborhood with proximal spatial neighbors and adja-

cent temporal neighbors.

2. Identify common temporal neighbors: Identify common temporal neighbors (CTN(Si))

of each point Si. Given a point Sj ∈ nbhd(Si), Sj is in the set of common

temporal neighbors (CTN) of Si if it is a K-nearest temporal neighbors of Si

(KNTN(Si)). In other words, if a spatio-temporal correspondence between the

pair is determined.

3. Reduce distances: Reduce distances between points with spatio-temporal corre-

spondences:

• Reduce distances between common temporal neighbors by some scalar

cCTN ,

• Reduce distances between adjacent temporal neighbors (ATN) by some

scalar cATN ;

D0
Si,Sj

=

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

Dl
Si,Sj

/(cCTNcATN) if Sj ∈ CTN(Si) and j = i + 1,

Dl
Si,Sj

/cCTN if Sj ∈ CTN(Si),

Dl
Si,Sj

/cATN if j = i + 1,

penalty(Si, Sj) otherwise.

(6.2)
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where penalty(Si, Sj) is a function that determines the distance’s value between

a non-common temporal pair of points. Given two points Sj and Sk in the local

neighborhood of Si. Sj ∈ CTN(Si) while Sk does not maintain a CTN rela-

tionship with Si. Then, Sj will have a significantly smaller distance to Si than

Sk in D0.

4. Compute distances using Dijkstra’s algorithm: Compute globally coordinate local

distances D0, by computing all-pairs shortest paths into a full distance matrix D

= Dg using Dijkstra’s algorithm (see Appendix D).

5. Embed the distance matrix D: Embed D into d-dimensional embedding space through

MDS.

E =| Dg − De |L2 (6.3)

Where De is the matrix of the Euclidean distances in the embedded space and

| A | is the L2 matrix norm of A.

6.3.1 What are Common Temporal Neighbors?

Common Temporal Neighbors are points with hard spatio-temporal correspondences.

A data point tx is said to have a hard spatio-temporal correspondence with ty if ty ∈
CTN(tx).

To determine hard correspondences, we determine nontrivial matches from local

neighborhoods. In other words, we determine CTNs as the K-nearest nontrivial neigh-

bors (KNTN). We consider a point ty to be a nontrivial match within the local neigh-

borhood of a point tx if x = y, ty ∈ ATN(tx), or D(tx, ty) < D(tx, tz) for all z within

a temporal vicinity (i.e., ∀z|x − z| < εtv). The KNTN of tx are its K most similar

nontrivial matches. Given K, a data point ty ∈ KNTN(tx, K) ⇔ ty ∈ CTN(tx).

Common Temporal Neighbors points share two properties;

1. Symmetry:
ty ∈ CTN(tx) ⇔ tx ∈ CTN(ty) (6.4)

2. Transitivity:

ty ∈ CTN(tz) and tz ∈ CTN(tx) → ty ∈ CTN(tx). (6.5)

Figure (6.4) illustrates these two properties.
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Figure 6.4: Left: An example of CTN transitivity. Right: K-nearest non-trivial neigh-

bors of Y.

Moreover, Dijkstra’s algorithm propagates CTN transitivity allowing hard cor-

respondences between data pairs to be spread. Adding the effects of CTN transi-

tivity and reducing the distances between CTNs, distinguishable CTN connected

components are formed and result in the underlying embedding.

As we mentioned before, distances among members of a given CTN are reduced

by cCTN . Therefore, in the embedding produced through MDS, all members of

a CTN component will be relatively proximal to each other and the rest of points

will be relatively distal.

Thus, the different CTN components will be separable in the embedding, allow-

ing for robust classifications of the uncovered spatio-temporal structure.

In order to highlight the spatio-temporal dependencies of the input data, ST-Isomap

not only distinguishes common temporal neighbors, but also adjacent temporal neigh-

bors. And such as Common Temporal Neighbors, distances between Adjacent Tempo-

ral Neighbors are reduced by a scalar cATN. ATN distance reduction results in getting

closer sequentially adjacent points or even in colliding two sequentially data points.

In short, CTN distance reduction together with ATN distance reduction further

enhance the performance of the algorithm.

6.3.2 Why Spatio-Temporal Isometric Mapping?

Although Isomap is an accurate and efficient solution to the dimensionality reduction

problem, it has several shortcomings compared to ST-Isomap [56].

We mention here the three main shortcomings;



6.3 Spatio-Temporal Isometric Mapping 85

1. The first one is related to the size of the input data. Isomap is dependent on the

size of the input distance matrix regardless of the distance metric used. There-

fore, Isomap is computationally appropriate for data with a relatively small num-

ber of points with high dimensionality.

In contrast, PCA is dependent on input data dimensionality (D) rather than on the

size of the data (T). This is due to PCA performs eigen decomposition of a DxD

covariance matrix according to the dimensionality of the data while ISOMAP

performs the eigen decomposition on an TxT distance matrix. In other words;

as D grows large for PCA and T grows large for Isomap, embeddings become

intractable due to memory and computational limitations.

Silva and Tenenbaum addressed this problem for data with a large number of

sample points [57]. They introduce landmarks into ISOMAP so as to reduce its

sensitivity to input size. The idea is to reduce the size of the distance matrix by

choosing some representative set of L points among the initial T points. In this

way, the size of the distance matrix is reduced from TxT to LxL with L < T .

MDS is then performed on the LxL distance matrix to compute the singular-

value decomposition.

The second one is related to the process of forming connected components. When

local neighborhoods are identified, the distance matrix may be represented by

one or more single connected components. If all data pairs are connected, a

single connected component will be formed through shortest paths computation.

On the contrary, if not all data pairs are connected then the input data and result-

ing distance matrix will be split into several subsets of connected components

causing some computational problems for classical spatial Isomap. Particularly,

multiple connected components mean singular distance matrices, resulting in

the inability to form a single embedding including different unconnected com-

ponents through eigen decomposition.

ST-Isomap solves the multiple connected components problem by including

temporal dependencies. If all of the input data is temporally related (i.e., oc-

curring in a single sequence) although it is not totally spatially related, a single

connected component is guaranteed for ST-Isomap. This single connected com-

ponent occurs because ST-Isomap includes temporally-related points (i.e., points

adjacent in the sequence or adjacent temporal neighbors (ATNs)) in the same lo-

cal neighborhood. In short, all data pairs will have a connecting path through
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temporal neighbors in local neighborhoods.

The third one is related with topologically closed underlying structures. Consider

the case of a self-intersecting input data, such as a data sampled from an ellipse

in 2D. Despite of the 2D input space, it is intrinsically structured by a closed

1D manifold. Spatial Isomap is not able to uncover the underlying structure

of this data because the loop of the circle has to be broken to produce a 1D

embedding. For closed manifolds without self-intersections, nor spatial Isomap

neither ST-Isomap will be able to uncover the underlying manifold. Whereas,

for self-intersecting manifolds, ST-Isomap disambiguates points proximal to in-

tersections of these manifolds being able to uncover the underlying structure.

Furthermore, Spatio-temporal Isomap applies temporal windowing around each

data point and its neighbors for uncovering the spatio-temporal signature of the input

data. As with spatial neighborhoods, the size of the temporal window should be large

enough to reflect the local spatio-temporal properties of a data point, but small enough

to not be masked by the global properties of the motion.

Such in the arm waving example showed before, this window has to be large

enough to distingue correspondences between points belonging to the low and high

waving motions that are structurally similar and to disambiguate proximal spatial

points belonging to the two-way low waving motions that are structurally different.

6.4 Applying ST-Isomap to our data

Pre-processing step

The method for pre-processing the data before applying ST-Isomap was the same as

temporal PCA.

In short, we eliminated the erroneous values given by the sensors and we inter-

polated the correct values in those points. Then, we projected the orientation given

by the sensors into a circular space. And finally, we interpolated or decimated all the

sequences in order to normalize their lengths. The length of the normalized sequences

was 85, which approximately coincides with the average of all the sequence’s lengths.

Here, to normalize the length of all the sequences was not strictly necessary. However,

the fact that all the sequences had similar lengths helped the system to recognize and

classify them because of the higher similarity among the sequences.



6.4 Applying ST-Isomap to our data 87

Data-matrix construction

ST-Isomap does not perform eigen decomposition on the input matrix as PCA. It com-

putes eigen decomposition on a distance matrix derived from the input data-set. Fur-

thermore, ISOMAP does not use the input data anymore once the distance matrix is

calculated.

Consequently, the data matrix is constructed exactly in the same way as we did in

the first phase of the project (PCA without taking into temporal dependencies in the

data). In order to clarify it, Tables (6.1) and (6.2) show the content of the data matrix.

The acronyms used in Tables (6.1) and (6.2) are explained below;

Height or Level (L):

1. L1: On the table. The activity was performed with the object on the table.

2. L2: On the box. The activity was performed with the object on the box.

Orientation(O):

1. O1: Zero degrees. When the activity was performed, the human was positioned

perpendicular to the table.

2. O2: Thirty degrees. When the activity was performed, the human was positioned

at thirty degrees with regards to the table.

3. O3: Sixty degrees. When the activity was performed, the human was positioned

at sixty degrees with regards to the table.

Trial (T):

1. T1: First trial.

2. T2: Second trial.

3. T3: Third trial.

Applying ST-Isomap

In Section (6.4), the data matrix construction was explained. The next step was to

construct a distance matrix by computing all pairs of distances between the columns

of the initial data matrix. ST-Isomap was applied on the distance matrix. In order to

achieve a non-linear low dimensional model for the human activities, ST-Isomap was

applied using the following five-step procedure
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Person1 Person2 ... Person19 Person20

Sensor 1 x

y

z

sin(α)

cos(α)

sin(β)

cos(β)

sin(γ)

cos(γ)

Sensor 2 x

.

.

.

cos(γ)

Sensor 3 x

.

.

.

cos(γ)

Sensor 4 x

.

.

.

cos(γ)

Table 6.1: Input data matrix used in ST-ISOMAP dimensionality reduction technique.

1. Compute the distance matrix: In this step, proximal disambiguation of spatially

proximal data points that are structurally different was performed [56]. The dis-

tance matrix Dl is a sparse matrix computed from local neighborhoods nbhd(Si)

of each point Si. Spatio-temporal distances were built through temporal win-

dowing. The temporal window can be viewed as a localized observation of a

given data point and its adjacent temporal neighbors. In our work, 10 was the

size of the temporal window. The distance metric used was Euclidean, which as
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Personn

L1O1T1 L1O1T2 L1O1T3 L1O2T1 L1O2T2 ... L2O3T3

t1...tn t1...tn t1...tn t1...tn t1...tn ... t1...tn

x

y

z

sin(α)

cos(α)

sin(β)

cos(β)

sin(γ)

cos(γ)

Table 6.2: Zoom of one column of the input data matrix used in ST-ISOMAP dimen-

sionality reduction technique taking into account only the information given by one of

the sensors.

we mentioned before, provides the similarity measurements between all pairs of

point bounded in these local spatio-temporal observations defined by the tempo-

ral windowing. Local neighborhoods were constructed based on points with the

highest similarity measurements.

2. Identify common temporal neighbors: In this step, correspondence of spatially

distal data points that are structurally similar was achieved [56]. In order to

determine CTNs we kept only non-trivial matches from local neighborhoods. A

point ty is considered to be a nontrivial match within the local neighborhood of a

point tx if x = y, ty ∈ ATN(tx), or D(tx, ty) < D(tx, tz) for all z within

a temporal vicinity.

The CTNs of a point tx are the K-nearest nontrivial neighbors (K-NTN) from the

local neighborhoods. The K-NTN of tx are its K most similar (closest) nontrivial

matches. Given K, a data point ty ∈ KNTN(tx, K) if ty ∈ CTN(tx) .

In our work, we used k=3.

Next, distances between common temporal neighbors were reduced:

• distances between common temporal neighbors were reduced by cCTN and
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• distances between adjacent temporal neighbors (ATN) were reduced by

cATN .

The values of the parameters cCTN and cATN are explained in the next section.

3. Globally coordinate local distances into a full distance matrix Dg: Once common

temporal neighbors were found as the k-nearest non-trivial neighbors from the

local neighbors and their distances reduced, Dijkstra’s algorithm was applied to

perform shortest-path computation to the distance matrix. See appendix (D).

4. Embed D using MDS: Once the distance matrix Dg was constructed, the next step

was to embed it in a De dimensional space through MDS with the consistent

dimensionality reduction.

Choosing the correct values for the parameters

A number of parameters affects the performance of the ST-Isomap algorithm.

The first two parameters are related with uncovering spatio-temporal dependencies

in the data. They are cCTN and cATN . cATN was fixed to one for all the experiments and

we did not changed its value. On the contrary, cCTN took the values [2 5 10 100] .

The higher the cCTN value, the smaller the distances between intra component mem-

bers of a common neighborhood. In our experimental evaluation, the biggest value

of cCTN was the one which gave us the best results in the classification process. We

believe that this is since human activities have strong spatio-temporal dependencies

not only between data points of the same motion demonstration, but also between time

points of different demonstrations belonging to the same activity. With a value of

cCTN = 100, all members of a CTN component were significantly proximal to each

other and all external points were relatively distal. In fact, in some cases points be-

longing to the same activity collided forming just one point. This is the case of points

sharing both spatio and temporal dependencies. Figure (6.5) shows the influence of

cCTN in the embedding space.

We mentioned before that a big number of demonstrations of each activity was

needed in order to learn a model which best characterizes the activity. The model had

to be independent of the conditions in which the activity was performed. Our aim was

to classify four actions that are very similar, and their models overlap in the embedded

space, as one can see in Figure (6.5). When the number of demonstrations increased,

the rings modelling each activity became thicker and thicker making impossible to dif-

ferentiate the activities. Increasing the value of cCTN had two effects; first, to separate
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different activities in the embedding space, and second, to make closer demonstrations

of the same activity. That is the reason why the value of the cCTN parameter was so

important. With cCTN = 100 the models of all four activities were more clearly de-

fined. However, it may be a disadvantage too, i.e., when two demonstrations of the

same activity are performed in a very different way, the system may not be able to

recognize them as the same activity.

The third parameter evaluated was the number of dimensions of the low dimen-

sional space �e. We embedded our data in [3 4 5 6] dimensions. Unfortunately,

it is difficult to generalize which one performed the best in all the experiments. Al-

though when the number of sequences used for training and testing the system in-

creased, the number of dimensions needed to capture the essence of the activities in-

creased too.

The fourth parameter was the maximum number of iterations in which two time

points were considered trivial matches with one another. This parameter was fixed to

20 time steps.

Experimental Evaluation

As mentioned before, ST-Isomap can be viewed as a pre-processing step for classi-

fication purposes. High dimensional data becomes intractable for most classification

methods. However, high dimensional data often presents a low dimensional underly-

ing structure which can be uncovered by methods such as Isomap. Therefore, mapping

our data into a lower dimensional space can be seen as a pre-processing step in order

to apply a classification method to classify of the query sequence.

We have applied ST-Isomap as a non-linear dimensional reduction technique to

extract the low dimensional structure from the data.

After that, a linear Shepard’s interpolation method was applied to map a query

sequences into the low dimensional space. The way in which linear Shepard’s interpo-

lation operates is explained in Appendix (E).

In order to clarify how we mapped a query sequence on the reduced space, we

enumerate the main algorithm steps;

First of all, we took all the training points of our data set and we constructed a

matrix with the values of those points in the input space. We constructed another

matrix with the projected values on the reduced space. After that, we took the query

sequence we wanted to classify and we mapped it into the reduced space. Point by

point, we calculated the distances between the points of the query sequence and all the
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training points in the input space. Thus, the value of each mapped point of the query

sequence was an average of the values of the mapped training points weighed by the

calculated distances in the input space.

Once we had the training and testing data in a lower dimensional space, the next

step was to classify the testing sequences. To achieve this, we used Euclidean dis-

tances. We had four sequences modelling each of the four activities and a query se-

quence. Our goal was to find which one of the four models was the most similar to the

testing sequence.

We estimate the similarity between two sequences in terms of the Euclidean dis-

tance between them. Therefore, we had to compute the distance between the testing

sequence and each of the four activity models. What we did was to take one by one

all the point of the query sequence, for each one we calculated the distance to all the

training points in a model and the estimated distance from the query point to the model

of the activity was the minimum of all the distances, and so on for all the points in the

query sequence. Figure number (6.6) illustrates this.

Finally, the value of similarity between the tested sequence and the training matrix

is the sum of all the tested point’s distances.

The reason why we searched the point in the model of an activity which was clos-

est to each point of the query sequence comes from the intrinsic variability among

sequences belonging to the same kind of movement. In other words two identical se-

quences which are delayed from one another may have higher distance between them

than two sequences belonging to different activities which are ”parallel” in time. For

instance, let us suppose we are collecting demonstrations of the push activity. When

we start to record the values measured by the NoB sensor, we just say to the demon-

strator wearing the glove that he or she can start to perform the activity. However, two

different persons can start to perform the demonstrations in different time points from

that moment. Figure (6.7) show two push activities delayed in time.
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(a) cCTN = 5

(b) cCTN = 10

(c) cCTN = 100

Figure 6.5: Projected training data in the low dimensional space. This Figure shows

the influence of the parameter cCTN in the embedding. The higher the parameter, the

better are discovered spatio-temporal dependencies in the data. When cCTN increases,

different activities are more distal between each other and demonstrations of the same

activity are closer to each other.
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Point1

Point kMinimum distance

Figure 6.6: The distances between each point of the query sequence and all the data

points of a sequence modelling an activity are calculated. The minimum of all those

distances is the distance from the testing point to the training matrix modelling an

activity.

Sequence 1: Push

Sequence 2. Push

First point in both sequences

Figure 6.7: The strokes correspond to two different push activities. The accumulated

distance from one to another is high due to they are delayed from one another. One

possible solution is to delay one of them until they fit to each other. That is achieved

through dealing with minimum distances
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Chapter 7

Principal Components Analysis
Performance Results

In this section, we present and discuss the results obtained using PCA.

As mentioned before, twenty people demonstrated all the activities in different

conditions. We trained and evaluated the system with the demonstrations performed

by different subsets of people in order to see how well the system can infer a model

of an activity. We have trained the system with 1, 5, 10 or 20 people. In case of a

single person demonstrating all the activities, we took the demonstrations one by one,

and we split the data in the three possible combinations of two trials for training the

system and one trial for evaluating it. Similarly, this was done for the case of five

and ten people. For the case of twenty people, we split the trials in the three possible

combinations of two for training the system and one for testing it, so we test the system

three times with the demonstrations of all the people. As we evaluated the system for

each person three times and twenty people demonstrated the actions, it made a total of

sixty tests.

Furthermore, in all cases we clustered the data using two clustering algorithms:

K-means algorithm and GK-clustering algorithm. We clustered the data to three, five

and eight clusters in both algorithms.

Here, we show only the resulting average of all the experiments.

In the tables, the actions in the upper row of the table are the tested sequences and

the actions in the left column are the result of the classification. The values inside

the cells are expressed in percentage. The ones on the diagonal are the percentage of

correct classifications.

As it was mentioned before, the activities were performed in six different condi-
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tions:

• Orientation zero degrees and height ”zero” (place the object on the table);

• Orientation zero degrees and height ”one” (place the object on the box);

• Orientation thirty degrees and height ”zero” (place the object on the table),

• Orientation thirty degrees and height ”one” (place the object on the box);

• Orientation sixty degrees and height ”zero” (place the object on the table);

• Orientation sixty degrees and height ”one” (place the object on the box).

First of all, we trained and evaluated the system with the same orientation and

height, i.e. we took the activities demonstrated in one of the conditions above men-

tioned, and we used some of them for training the system and the rest for evaluating

it.

In other words, since each activity was repeated three times in all the conditions,

we took the sequences comprised in one of the six cases (for example: ”orientation:

zero degrees and height: zero”), and we used two of the trials for the training step

and the third one for the testing step. That way, we tested the system with only the

activities performed in the same condition as it was trained before. These results are

shown in Figures (7.1) and (7.3) considering only two actions, and in Figures (7.7),

(7.9), (7.11) and (7.13) for all four activities.

Figures (7.2) and (7.4) illustrate the performance evaluation of the results shown

in Figures (7.1) and (7.3) in which the system was trained and tested performing the

activities in the same conditions and considering only the activities push and rotate an

object.

Similarly, Figures (7.8), (7.10), (7.12) and (7.14) illustrate the performance evalu-

ation of the results shown in Figures (7.7), (7.9), (7.11) and (7.13) in which the system

was trained and tested performing the activities in the same conditions and considering

all four activities.

We have started the evaluation of the system considering only two actions: push

and rotate.

After this, we have trained the system with the demonstrations performed in all

the conditions together and we evaluated the systems with activities performed in any

condition too. In other words, we took the sequences for all six cases, and we used two

of the trials for the training step and the third one for the testing. This way, we tried
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Five clusters
1person 1sensor 2sensors 3sensors 4sensors

push rotate Push rotate push rotate push rotate

push 91,83007 1,633985 90,52288 1,307188 91,50328 1,960782 92,15687 1,960783

rotate 8,169926 98,36601 9,477116 98,69281 8,496725 98,03922 7,843129 98,03922

5people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 80 34,44445 83,33333 27,77778 83,33333 18,8889 87,77777 29,99998

rotate 20 65,55555 16,66667 72,22222 16,66667 81,1111 12,22223 70,00002

12people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 79,62963 18,51852 74,53705 14,81482 82,4074 18,05555 82,40742 14,81482

rotate 20,37037 81,48148 25,46295 85,18518 17,5926 81,94445 17,59258 85,18518

20people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 83,05556 14,72222 91,38889 16,66667 92,5 11,94444 93,05556 10,83333

rotate 16,94444 85,27778 8,611111 83,33333 7,5 88,05556 6,944444 89,16667

Three clusters
20people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 89,72222 28,8889 88,61112 21,66667 93,05555 26,3889 91,66668 21,1111

rotate 10,27778 71,1111 11,38888 78,33333 6,94445 73,6111 8,333317 78,8889

Eight clusters
20people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 88,05555 15,55555 86,94443 12,50002 90,55557 10,55557 91,11112 8,8889

rotate 11,94445 84,44445 13,05557 87,49998 9,444433 89,44443 8,888883 91,1111

Figure 7.1: Results testing and training the system using the same orientation and

height. K-means algorithm.

to learn the essence of the movements independently of how they were performed.

These results are shown in Figures (7.5) and (7.6) considering only two actions, and in

Figures (7.15) and (7.17) for all four actions.

Figures (7.16) and (7.18) illustrate the performance evaluation of the results shown

in Figures (7.15) and (7.17) in which the system was trained and tested performing the

activities in all kind of conditions and considering all four activities.
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Five clusters
1person 1sensor 2sensors 3sensors 4sensors 1person Sensor

average 95,09804 94,60785 94,77125 95,09805 Average 94,8938

5people 5people

average 72,77778 77,77778 82,22222 78,8889 Average 77,91667

12people 12people

average 80,55556 79,86112 82,17593 83,7963 Average 81,59722

20people 20people

average 84,16667 87,36111 90,27778 91,11112 Average 88,22917

Three clusters
20people 1sensor 2sensors 3sensors 4sensors 20people Sensor

average 80,41666 83,47223 83,33333 85,27779 Average 83,125

Eight clusters
20people 1sensor 2sensors 3sensors 4sensors 20people Sensor

average 86,25 87,22221 90 91,11111 Average 88,64583

People 1sensor 2sensors 3sensors 4sensors

Average 83,21078 85,05038 87,13008 87,54721

People's average
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Figure 7.2: Evaluation of the results testing and training the system using the same ori-

entation and height. K-means algorithm. In all the experiments an average recognition

rate higher that 80% is achieved. The higher the number of sensors used, the higher

the number of correct classifications. Five clusters is the best tradeoff between rate of

correct classifications and execution time.
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Five clusters
1person 1sensor 2sensors 3sensors 4sensors

push rotate Push rotate push rotate push rotate

push 91,31945 1,388888 90,62501 2,083332 89,23612 1,736109 92,0139 1,736109

rotate 8,680547 98,61111 9,374993 97,91667 10,76388 98,26389 7,986104 98,26389

5people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 70 13,33333 83,33332 34,44447 80 22,22222 73,33333 22,22223

rotate 30 86,66667 16,66668 65,55553 20 77,77778 26,66667 77,77777

12people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 74,07407 17,12963 85,18518 30,55555 85,64813 23,14815 80,55557 29,16667

rotate 25,92593 82,87037 14,81482 69,44445 14,35187 76,85185 19,44443 70,83333

20people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 88,33333 17,22222 92,5 20 92,22222 11,38889 86,94444 21,11111

rotate 11,66667 82,77778 7,5 80 7,777778 88,61111 13,05556 78,88889

Three clusters
20people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 94,16668 35,83333 93,33335 30,27778 94,72222 28,05555 81,94443 20,27778

rotate 5,833317 64,16667 6,66665 69,72222 5,277783 71,94445 18,05557 79,72222

Eight clusters
20people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 86,66668 14,72223 86,94445 14,16667 93,61112 12,5 84,44443 14,44445

rotate 13,33332 85,27777 13,05555 85,83333 6,388883 87,5 15,55557 85,55555

Figure 7.3: Results testing and training the system using the same orientation and

height. GK-clustering algorithm was used for clustering the data.
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Five clusters
1person 1sensor 2sensors 3sensors 4sensors 1person Sensor

average 94,96528 94,27084 93,75001 95,1389 Average 94,53126

5people 5people

average 78,33334 74,44443 78,88889 75,55555 Average 76,80555

12people 12people

average 78,47222 77,31482 81,24999 75,69445 Average 78,18287

20people 20people

average 85,55556 86,25 90,41667 82,91667 Average 86,28472

Three clusters
20people 1sensor 2sensors 3sensors 4sensors 20people Sensor

average 79,16668 81,52779 83,33334 80,83333 Average 81,21528

Eight clusters
20people 1sensor 2sensors 3sensors 4sensors 20people Sensor

average 85,97223 86,38889 90,55556 84,99999 Average 86,97917

People 1sensor 2sensors 3sensors 4sensors

Average 83,74422 83,36613 86,36574 82,52315

People's average
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Figure 7.4: Evaluation of the results testing and training the system using the same ori-

entation and height. GK-clustering algorithm was used to cluster the data. The average

rate of correct classifications is always higher than 80%. With this clustering method

increasing the number of sensors used doesn’t mean to increase the rate of correct clas-

sifications. Five clusters is the best trade off between rate of correct classifications and

execution time. In this experiment, K-means algorithm performed slightly better than

GK-clustering.
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Five clusters
1person 1sensor 2sensors 3sensors 4sensors

push rotate Push rotate push rotate push rotate

push 88,8889 61,1111 83,3333 66,6667 83,3333 61,1111 83,3333 66,6667

rotate 11,1111 38,8889 16,6667 33,3333 16,6667 38,8889 16,6667 33,3333

5people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 54,4444 41,1111 62,2222 55,5556 75,5556 40 64,4444 27,7778

rotate 45,5556 58,8889 37,7778 44,4444 24,4444 60 35,5556 72,2222

12people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 65 45,5556 41,6667 21,6667 57,2222 31,6667 77,2222 40

rotate 35 54,4444 58,3333 78,3333 42,7778 68,3333 22,7778 60

20people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 61,3889 35,2778 62,5 20,8333 40,8333 15,8333 73,8889 35,5556

rotate 38,6111 64,7222 37,5 79,1667 59,1667 84,1667 26,1111 64,4444

(a)

Five clusters
1sensor 2sensors 3sensors 4sensors Average Sensor

1person 63,8889 58,3333 61,1111 58,3333 1person 60,41665

1sensor 2sensors 3sensors 4sensors

5people 56,66665 53,3333 67,7778 68,3333 5people 61,52776

1sensor 2sensors 3sensors 4sensors

12people 59,7222 60 62,77775 68,6111 12people 62,77776

1sensor 2sensors 3sensors 4sensors

20people 63,05555 70,83335 62,5 69,16665 20people 66,38889

Average 1sensor 2sensors 3sensors 4sensors

People 60,83333 60,62499 63,54166 66,11109

People's average
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(b)

Figure 7.5: Results testing and training the system using all orientations and heights at

once. K-means algorithm was used to cluster the data. Here, it can be noticed that these

results are much lower than before (when the system was tested in the same condition

that it was trained). The average rate of correct classifications is always higher than

60%. The higher the number of sensors used, the higher the number of correct classi-

fications. Similarly, when the number of people demonstrating the activities increases

in the training step, the rate of correct classifications grows.
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Five clusters
1person 1sensor 2sensors 3sensors 4sensors

push rotate Push rotate push rotate push rotate

push 88,8889 50 88,8889 55,5556 61,1111 38,8889 72,2222 72,2222

rotate 11,1111 50 11,1111 44,4444 38,8889 61,1111 27,7778 27,7778

5people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 67,7778 51,1111 65,5556 54,4444 74,4444 47,7778 50 23,3333

rotate 32,2222 48,8889 34,4444 45,5556 25,5556 52,2222 50 76,6667

12people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 62,2222 47,7778 42,2222 11,1111 42,7778 12,2222 28,3333 10,5556

rotate 37,7778 52,2222 57,7778 88,8889 57,2222 87,7778 71,6667 89,4444

20people 1sensor 2sensors 3sensors 4sensors

push rotate push rotate push rotate push rotate

push 68,0556 38,6111 60,8333 43,3333 53,0556 16,6667 56,6667 49,4444

rotate 31,9444 61,3889 39,1667 56,6667 46,9444 83,3333 43,3333 50,5556

(a)

Five clusters
1sensor 2sensors 3sensors 4sensors Average Sensor

1person 69,44445 66,66665 61,1111 50 1person 61,80555

1sensor 2sensors 3sensors 4sensors

5people 58,33335 55,5556 63,3333 63,33335 5people 60,1389

1sensor 2sensors 3sensors 4sensors

12people 57,2222 65,55555 65,2778 58,88885 12people 61,7361

1sensor 2sensors 3sensors 4sensors

20people 64,72225 58,75 68,19445 53,61115 20people 61,31946

Average 1sensor 2sensors 3sensors 4sensors

People 62,43056 61,63195 64,47916 56,45834

People's average
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Figure 7.6: Results testing and training the system using all orientations and heights

at once. GK-clustering algorithm was used for clustering. Similar to the previous ap-

proach, it can be noticed that these results are much lower than evaluating the system

in the same condition that it was trained). The average rate of correct classifications is

in general higher than 60%. Increasing the number of sensors used or the number of

people demonstrating the activities doesn’t mean to increase the rate of correct classi-

fications using this clustering method. Again K-means clustering algorithm performed

better than GK-clustering algorithm.
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Five clusters
1person 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 86,60131 1,633985 2,614376 6,535942 85,62092 1,307188 2,28758 5,55555

rotate 1,633985 98,03922 0 0,653594 2,614376 98,03922 0 0,980391

put-down 0,653594 0,326797 93,79085 5,555554 0,653594 0 94,11765 6,862741

pick-up 11,1111 0 3,594769 87,25491 11,1111 0,653594 3,594768 86,60131

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 86,27452 1,633985 2,614377 6,535942 86,27452 1,960783 2,941175 6,862739

rotate 2,614377 97,71242 0 1,307188 1,633985 97,71242 0 1,307188

put-down 0 0 92,81046 8,16993 0,326797 0 92,48366 8,496727

pick-up 11,1111 0,653594 4,57516 83,98694 11,7647 0,326797 4,57516 83,33334

5people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 55,55555 28,8889 11,11112 13,33333 67,77777 23,33335 11,11112 17,77778

rotate 6,666667 58,88888 0 7,777767 6,666667 65,55555 3,333333 4,444433

put-down 14,44445 6,666683 74,44443 20 11,11112 3,333333 73,33335 24,44443

pick-up 23,33332 5,555583 13,33332 58,88888 14,44445 7,777783 11,1111 53,33333

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 67,77777 14,44445 13,33332 18,88888 72,22222 27,77777 18,88888 26,66667

rotate 5,555567 76,66665 0 4,44445 2,222233 64,44443 0 5,555567

put-down 8,8889 2,222217 73,33333 20,00002 10 2,222217 65,55555 25,55557

pick-up 17,7778 6,666667 12,22223 56,66667 15,55557 5,555567 14,44445 42,22223

12people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 49,07408 14,35185 13,42592 16,20372 40,74075 11,11112 9,72225 13,8889

rotate 9,259267 75 3,7037 11,57408 13,42593 77,31482 4,166683 10,18517

put-down 21,75927 4,62965 70,83333 24,07407 18,9815 5,555567 72,22222 23,14813

pick-up 19,9074 6,018533 11,57408 48,14815 26,85187 6,018533 13,42595 52,77778

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 51,38888 14,35185 11,57407 19,44443 53,70372 12,5 11,5741 23,14813

rotate 7,870367 76,85185 2,777767 8,7963 6,481483 78,70372 1,851867 7,870383

put-down 14,81482 4,166683 72,22222 19,9074 12,96297 5,0926 67,5926 22,22222

pick-up 25,92592 4,62965 12,96297 51,85187 26,85183 3,703717 18,5185 46,75925

Figure 7.7: Results testing the system in the same conditions that it was trained. K-

means algorithm was used for clustering.
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Five Clusters
1 person 1sensor 2sensors 3sensor 4sensors average Sensor

average 91,42157 91,094776 90,19608 89,95098456 1 person 90,66585

5 people 1sensor 2sensors 3sensor 4sensors

average 61,94444 65 68,6111 61,11110833 5 people 64,16666

12 people 1sensor 2sensors 3sensor 4sensors

average 60,76389 60,763892 63,0787 61,68982083 12 people 61,57408

People 1sensor 2sensors 3sensor 4sensors

average 71,37663 72,286223 73,96196 70,91730458

People's average
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Figure 7.8: Evaluation of the results testing the system in the same conditions that it

was trained. K-means algorithm was used for clustering. In all the experiments an

average recognition rate higher that 60% is achieved. The higher the number of sen-

sors used, the higher the number of correct classifications except for the case of four

sensors. Noisy data may be the reason of this descent in the classification rate. When

the number of demonstrations goes up; i.e., the number of people demonstrating the

activities, the system shows a worse performance. This may be due to the variance in-

troduced in the activities grows with the number of demonstrations and a linear model

of the activities can not capture the underlying structure of the human’s motions.
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Three clusters
20people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 60,83333 23,05557 10 18,61112 61,11112 17,77777 10,27778 19,72223

rotate 6,94445 63,05558 1,111117 8,6111 6,94445 69,72223 0,277783 5,55555

put-down 20,27778 1,3889 74,72223 33,61112 16,94445 1,3889 75,83333 35,83335

pick-up 11,94443 12,49998 13,88887 39,16665 15 11,1111 13,33335 38,88888

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 64,99998 20,27778 10 19,72222 64,44445 15,55557 9,16665 19,99998

rotate 4,722233 66,94443 0,555567 5,277767 3,611117 72,49998 0,277783 4,722233

put-down 16,66668 1,111117 75 33,33332 16,66668 1,3889 75 30,83333

pick-up 13,61112 11,66667 14,16668 41,66665 15,27778 10,55555 15,2778 44,44442

Five clusters
20people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 53,61111 11,94444 10,55556 20,55556 62,5 11,11111 10 20,83333

rotate 10,55556 81,38889 3,888889 10 4,722222 80 1,388889 5,833333

put-down 18,33333 2,777778 75,83333 21,38889 14,16667 2,777778 77,77778 20

pick-up 17,5 3,888889 9,444444 48,05556 18,61111 6,111111 10,55556 53,33333

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 64,44444 9,722222 10 21,11111 65,55556 6,111111 10 28,33333

rotate 5 84,44444 1,111111 5,833333 4,166667 85,55556 1,111111 5,277778

put-down 11,66667 2,5 78,05556 17,77778 9,166667 3,333333 77,5 15,83333

pick-up 18,88889 3,333333 10,55556 55,27778 21,11111 5 11,11111 50,55556

Eight clusters
20people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 56,66667 11,94443 13,05557 24,16668 55,83335 10 11,66665 22,49998

rotate 7,5 80 3,611117 6,388883 8,333333 82,49998 2,777783 6,1111

put-down 11,66665 3,6111 74,44445 14,44445 11,11112 4,166683 75,83333 13,6111

pick-up 24,16667 4,444433 8,611117 55 24,72222 3,33335 9,444467 57,7778

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 59,44447 7,500017 11,94445 26,66665 63,33335 6,666667 12,22222 27,22222

rotate 4,44445 84,72223 1,94445 4,44445 5,55555 87,77778 2,5 6,111117

put-down 8,6111 4,722233 74,99998 12,49998 7,777783 3,8889 74,16667 11,94447

pick-up 27,5 3,055567 10,83333 56,3889 23,33335 1,666667 10,83333 54,72223

Figure 7.9: Results of testing the system in the same conditions that it was trained in.

K-means algorithm was used for clustering.
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Three Clusters

20people 1sensor 2sensors 3sensor 4sensors Three Clusters
average 59,44445 61,38889 62,15277 64,09721 20people Sensors

Five Clusters 61,77083

20people 1sensor 2sensors 3sensor 4sensors Five Clusters
average 64,72222 68,40278 70,55556 69,79167 20people

Eight Clusters 68,368056

20people 1sensor 2sensors 3sensor 4sensors Eight Clusters
average 66,52778 67,98612 68,8889 70,00001 20people

Clusters 68,3507

20people 1sensor 2sensors 3sensor 4sensors

average 63,56482 65,92593 67,19907 67,96296
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Figure 7.10: Evaluation of the results testing the system in the same conditions that it

was trained in. Five clusters is again the best tradeoff between rate of correct classi-

fications and execution time. K-means algorithm was used for clustering. Again, the

higher the number of sensors used, the higher the number of correct classifications.
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Five Clusters
1 person 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 77,08334 0,694444 2,835646 5,902772 77,43056 1,793981 2,893517 6,712956

rotate 2,256942 92,70833 0 1,099536 2,893517 90,85648 0 1,446758

put-down 1,041666 0 86,68982 6,770828 1,73611 0 85,9375 8,796291

pick-up 13,36805 0,347222 4,224535 79,97686 11,68981 1,099536 4,918979 76,79399

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 74,65278 1,446758 2,546295 7,002308 77,71992 1,79398 2,835647 7,23379

rotate 4,687498 91,95602 0 1,099536 1,73611 91,26158 0 1,388888

put-down 1,85185 0 86,63195 9,895827 1,85185 0 85,59028 9,548605

pick-up 12,55786 0,347222 4,571757 75,75232 12,44212 0,694444 5,324072 75,57871

5 people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 54,44445 11,11112 17,77777 11,11113 51,11112 31,11112 14,44443 20

rotate 16,66665 77,77777 2,222233 8,888883 7,777783 61,1111 1,111117 3,333333

put-down 18,88888 7,777767 67,77778 27,77778 10 3,333333 73,33333 30

pick-up 10 3,333333 11,11112 52,22222 31,11112 4,44445 10 46,66667

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 47,77778 13,33333 5,555567 8,8889 45,55555 15,55555 7,777783 12,22223

rotate 11,11112 74,44445 1,111117 11,11112 17,7778 68,88888 1,111117 15,55557

put-down 20 1,111117 76,66667 27,77778 20 2,222233 67,77778 36,66668

pick-up 21,11112 11,1111 15,55557 52,22222 16,66667 13,33333 22,22223 35,55557

12 people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 33,7963 13,88888 12,03705 7,870383 51,85187 22,68518 16,66667 16,66665

rotate 17,59258 74,53703 7,407433 13,42593 5,0926 59,25927 1,388883 6,4815

put-down 18,05553 5,0926 66,66665 21,75927 12,50002 5,092583 64,81483 23,61112

pick-up 30,55553 6,4815 13,42593 56,94445 30,55555 12,96297 16,66665 53,24072

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 55,55555 16,66667 18,5185 17,59258 43,05555 24,07408 11,5741 19,9074

rotate 6,018533 71,75927 1,3889 4,629633 12,03703 63,88888 1,3889 8,333333

put-down 13,42593 4,166667 64,35185 23,14815 24,53703 4,62965 65,74073 32,8704

pick-up 25 7,407417 15,27777 54,62963 20,37037 7,407417 20,83332 38,8889

Figure 7.11: Results testing the system in the same conditions that it was trained in.

GK-clustering algorithm was used for clustering.
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Five Clusters
1 person 1sensor 2sensors 3sensor 4sensors average Sensor

average 84,11459 82,75463 82,24827 82,53762 1 person 82,91378

5 people 1sensor 2sensors 3sensor 4sensors

average 63,05555 58,05555 62,77778 54,44445 5 people 59,58333

12 people 1sensor 2sensors 3sensor 4sensors

average 57,98611 57,29167 61,57408 52,89352 12 people 57,43634

People 1sensor 2sensors 3sensor 4sensors

average 68,38542 66,03395 68,86671 63,29186
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Figure 7.12: Evaluation of the results testing the system in the same conditions that it

was trained. GK-clustering algorithm was used for clustering. In most of the experi-

ments an average recognition rate higher that 60% is achieved. When the number of

demonstrations increases, the system shows a worse performance. As in the previous

experiment, this may be due to the variance introduced in the activities grows with

the number of demonstrations and a linear model of the activities can not capture the

underlying structure of the human’s motions.
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Three clusters
20people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 65,55557 32,49998 17,5 23,61112 63,05557 22,77777 8,05555 22,77777

rotate 4,444433 60,2778 1,111117 6,111117 4,722233 64,99998 0,555567 4,166667

put-down 20,27777 1,111117 75,27778 35,27778 20,55555 1,388883 80,55557 37,5

pick-up 9,722233 6,1111 5,833333 35,00002 11,66667 10,83333 10,55555 35,55553

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 62,22222 20,55555 8,333317 26,66667 57,22222 17,50002 12,2222 20,55558

rotate 4,44445 64,44443 0,277783 5,277767 10,55557 74,44445 0,833333 10,55555

put-down 18,6111 0,555567 75,00002 33,05557 13,05555 0,555567 69,16667 27,22223

pick-up 14,72222 14,44445 16,11112 35 19,16665 7,5 17,49998 41,66667

Five clusters
20people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 59,72222 14,16667 17,5 19,44444 61,38889 15,27778 11,11111 22,22222

rotate 9,444444 79,72222 1,388889 7,5 4,444444 75,83333 0,833333 2,5

put-down 16,94444 4,722222 75,83333 23,88889 15,27778 4,444444 78,88889 23,05556

pick-up 13,88889 1,388889 5 49,16667 18,88889 4,444444 8,888889 52,22222

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 63,33333 8,055556 7,777778 19,72222 55,27778 15 7,222222 18,33333

rotate 5,833333 85,27778 2,5 6,944444 7,5 67,77778 1,388889 4,444444

put-down 12,22222 3,611111 79,44444 21,66667 15,83333 2,5 73,61111 28,05556

pick-up 18,61111 3,055556 10 51,66667 21,38889 14,72222 17,5 49,16667

Eight clusters
20people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 56,66667 9,444433 13,33332 22,5 60,55555 9,444433 12,5 18,88888

rotate 9,444433 78,8889 3,05555 6,94445 7,222217 80 1,111117 6,94445

put-down 14,7222 5,277783 74,44445 19,44445 11,66667 5,000017 79,44442 17,77778

pick-up 19,1667 6,388883 8,8889 51,11112 20,55557 5,555567 6,666683 56,3889

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 58,88887 8,333317 10,83333 20,83333 55,83333 9,166667 7,499983 20,83332

rotate 4,722217 80,83332 1,94445 7,500017 8,05555 77,77778 0,277783 5,555567

put-down 10,83333 4,166667 75,83333 15,2778 11,11112 2,222217 73,05557 21,3889

pick-up 25,55555 6,666683 11,11112 56,3889 25,00002 10,83335 18,8889 52,22223

Figure 7.13: Results testing the system in the same conditions that it was trained in.

GK-clustering algorithm was used for clustering.
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Three Clusters

20people 1sensor 2sensors 3sensor 4sensors Three Clusters
average 59,02779 61,04166 59,16667 60,625 20people Sensors

Five Clusters 59,96528

20people 1sensor 2sensors 3sensor 4sensors Five Clusters
average 66,11111 67,08333 69,93056 61,45833 20people

Eight Clusters 66,14583

20people 1sensor 2sensors 3sensor 4sensors Eight Clusters
average 65,27778 69,09722 67,9861 64,72223 20people

Clusters 66,77083

20people 1sensor 2sensors 3sensor 4sensors

average 63,47223 65,74074 65,69444 62,26852
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Figure 7.14: Evaluation of the results testing the system in the same conditions that it

was trained in. GK-clustering algorithm was used for clustering. Five clusters is again

the best trade off between rate of correct classifications and execution time.
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Five clusters
1person 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 11,1111 16,6667 0 0 16,6667 38,8889 16,6667 11,1111

rotate 0 33,3333 0 0 5,5556 22,2222 0 0

put-down 83,3333 50 94,4444 88,8889 66,6667 27,7778 50 55,5556

pick-up 5,5556 0 5,5556 11,1111 11,1111 11,1111 33,3333 33,3333

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 27,7778 33,3333 0 11,1111 27,7778 38,8889 5,5556 22,2222

rotate 0 16,6667 0 0 0 16,6667 0 0

put-down 66,6667 27,7778 66,6667 50 50 33,3333 88,8889 61,1111

pick-up 5,5556 22,2222 33,3333 38,8889 22,2222 11,1111 5,5556 16,6667

5people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 2,2222 11,1111 0 2,2222 10 25,5556 4,4444 7,7778

rotate 24,4444 40 21,1111 17,7778 20 34,4444 12,2222 14,4444

put-down 28,8889 13,3333 50 33,3333 43,3333 17,7778 60 46,6667

pick-up 44,4444 35,5556 28,8889 46,6667 26,6667 22,2222 23,3333 31,1111

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 8,8889 7,7778 0 0 12,2222 8,8889 0 1,1111

rotate 11,1111 34,4444 7,7778 5,5556 16,6667 36,6667 3,3333 13,3333

put-down 32,2222 17,7778 61,1111 46,6667 30 15,5556 61,1111 40

pick-up 47,7778 40 31,1111 47,7778 41,1111 38,8889 35,5556 45,5556

12people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 6,6667 3,3333 2,2222 1,6667 6,1111 6,1111 1,6667 4,4444

rotate 10,5556 22,2222 3,3333 7,2222 23,3333 32,2222 7,2222 15

put-down 34,4444 21,6667 66,1111 48,8889 38,3333 26,1111 67,2222 51,1111

pick-up 48,3333 52,7778 28,3333 42,2222 32,2222 35,5556 23,8889 29,4444

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 11,1111 12,7778 3,8889 3,8889 11,1111 12,7778 5 6,1111

rotate 13,8889 28,8889 1,6667 7,2222 2,7778 25,5556 3,3333 2,7778

put-down 40 20 73,8889 52,7778 49,4444 26,1111 75 60,5556

pick-up 35 38,3333 20,5556 36,1111 36,6667 35,5556 16,6667 30,5556

20people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 3,3333 3,611 1,6667 0,8333 8,8889 2,5 4,4444 5,8333

rotate 14,7222 28,0556 5,5556 7,2222 23,0556 41,9444 9,7222 13,6111

put-down 47,5 32,7778 73,0556 54,7222 40 24,7222 69,1667 51,6667

pick-up 34,4444 35,5556 19,4444 37,2222 28,0556 30,8333 16,3889 28,8889

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 1,9444 3,0556 0,8333 0,83333 6,1111 3,3333 1,6667 0,83333

rotate 17,2222 38,0556 5,8333 8,8889 2,7778 24,1667 0,27778 0,27778

put-down 49,4444 27,7778 75,8333 56,9444 53,3333 25,2778 77,2222 56,6667

pick-up 31,3889 31,1111 17,2222 33,3333 37,7778 47,2222 20,5556 42,2222

Figure 7.15: Results testing and training the system using all the orientations and

heights at once. K-means algorithm was used for clustering.
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Five Clusters
1person 1sensor 2sensors 3sensor 4sensors average Sensor

average 37,49998 30,55555 37,50003 37,50003 1 person 35,76389

5people 1sensor 2sensors 3sensor 4sensors

average 34,72223 33,88888 38,05555 38,8889 5 people 36,38889

12people 1sensor 2sensors 3sensor 4sensors

average 34,30555 33,74998 37,5 35,55558 12 people 35,27778

20people 1sensor 2sensors 3sensor 4sensors

average 35,41668 37,22223 37,29165 37,43055 20people 36,84028

People 1sensor 2sensors 3sensor 4sensors

average 35,48611 33,85416 37,58681 37,34376

People's average
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Figure 7.16: Evaluation of the results testing and training the system using all the

orientations and heights at once. K-means algorithm was used for clustering. A correct

classification rate lower than the 50% is obtained in all the experiments.
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Five Clusters
1 person 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 16,6667 33,3333 0 0 38,8889 55,5556 27,7778 38,8889

rotate 0 22,2222 0 0 0 33,3333 0 0

put-down 27,7778 11,1111 88,8889 61,1111 44,4444 11,1111 61,1111 50

pick-up 55,5556 33,3333 11,1111 38,8889 16,6667 0 11,1111 11,1111

3sensors 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 22,2222 38,8889 16,6667 16,6667 22,2222 44,4444 11,1111 16,6667

rotate 22,2222 44,4444 5,5556 16,6667 0 5,5556 0 0

put-down 33,3333 0 66,6667 44,4444 66,6667 27,7778 61,1111 61,1111

pick-up 22,2222 16,6667 11,1111 22,2222 11,1111 22,2222 27,7778 22,2222

5 people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 20 26,6667 10 12,2222 31,1111 44,4444 11,1111 30

rotate 14,4444 33,3333 1,1111 15,5556 21,1111 28,8889 3,3333 10

put-down 52,2222 24,4444 66,6667 48,8889 18,8889 2,2222 33,3333 10

pick-up 13,3333 15,5556 22,2222 23,3333 28,8889 24,4444 52,2222 50

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 18,8889 8,8889 3,3333 1,1111 2,2222 3,3333 1,1111 0

rotate 10 21,1111 3,3333 4,4444 40 64,4444 16,6667 32,2222

put-down 31,1111 35,5556 44,4444 44,4444 34,4444 22,2222 55,5556 42,2222

pick-up 40 34,4444 48,8889 50 23,3333 10 26,6667 25,5556

12 people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 22,7778 30 9,4444 13,8889 4,4444 2,7778 0 1,1111

rotate 18,3333 35 7,7778 20,5556 27,7778 61,1111 12,7778 28,8889

put-down 40,5556 16,6667 55 37,2222 27,7778 3,3333 44,4444 27,7778

pick-up 18,3333 18,3333 27,7778 28,3333 40 32,7778 42,7778 42,2222

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 11,6667 5,5556 1,6667 1,6667 5 3,8889 0 1,6667

rotate 31,1111 52,7778 13,8889 15 38,3333 56,1111 13,3333 21,6667

put-down 21,1111 6,1111 44,4444 32,222 3,8889 2,2222 27,2222 4,4444

pick-up 36,1111 35,5556 40 51,1111 52,7778 37,7778 59,4444 72,2222

20 people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 28,0556 24,1667 14,4444 17,2222 8,0556 6,1111 1,6667 2,5

rotate 21,1111 50,5556 11,1111 21,1111 19,7222 35,2778 13,0556 15,8333

put-down 37,2222 13,6111 64,7222 41,1111 12,2222 2,5 26,9444 14,7222

pick-up 13,6111 11,6667 9,4444 20,5556 60 56,1111 58,0556 66,9444

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 5,8333 6,9444 1,1111 2,5 25,5556 36,3889 2,5 20,8333

rotate 22,5 61,9444 5,5556 16,9444 29,4444 41,9444 8,333 23,6111

put-down 34,4444 5,2778 57,7778 38,6111 23,6111 9,1667 50,5556 28,3333

pick-up 37,2222 25,8333 35,2778 21,3889 21,3889 12,5 38,3333 27,3333

Figure 7.17: Results testing and training the system using all the orientations and

heights at once. GK-clustering algorithm was used for clustering.
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Five Clusters
1person 1sensor 2sensors 3sensor 4sensors average Sensor

average 41,66668 36,1111 38,88888 27,77778 1 person 36,11111

5people 1sensor 2sensors 3sensor 4sensors

average 35,83333 35,83333 33,6111 36,94445 5 people 35,55555

12people 1sensor 2sensors 3sensor 4sensors

average 35,27778 38,05553 40 40,13888 12 people 38,36804

20people 1sensor 2sensors 3sensor 4sensors

average 40,97225 34,30555 36,7361 36,34723 20people 37,09028

People 1sensor 2sensors 3sensor 4sensors

average 38,43751 36,07638 37,30902 35,30208
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Figure 7.18: Evaluation of the results testing and training the system using all the

orientations and heights at once. GK-clustering algorithm was used for clustering. A

correct classification rate lower than the 50% is obtained in all the experiments.
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Chapter 8

Temporal Principal Components
Analysis Performance Results

Due to the limiting time, we have tested the system only for the case of all four ac-

tions and training and testing the system with the demonstrations performed for all the

people in all the different conditions.

As we did with PCA without temporal dependencies, we split the three trials in the

three possible combinations of two for training and one for testing, so we tested the

system three times for all the people.

With regards to the conditions in which the actions were performed, we trained and

tested the system with all the orientations and heights together, hence we tried to learn

the essence of the activities independently of how they were performed. These results

are shown in Figure (8).
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PCA with temporal dependencies
20people 1sensor testing 2sensors testing

push rotate put-down pick-up push rotate put-down pick-up

push 50,83 42,50 12,50 29,17 50,00 43,33 12,50 32,50

rotate 8,33 33,33 3,33 10,00 9,17 35,00 3,33 15,00

put-down 15,00 3,33 69,17 22,50 15,00 5,83 69,17 20,00

pick-up 25,83 20,83 15,00 38,33 25,83 15,83 15,00 32,50

3sensors testing 4sensors

push rotate put-down pick-up push rotate put-down pick-up

push 51,67 42,50 12,50 30,00 51,67 42,50 12,50 29,17

rotate 7,50 35,00 3,33 12,50 8,33 30,00 3,33 11,67

put-down 14,17 5,00 69,17 21,67 14,17 4,17 66,67 25,00

pick-up 26,67 17,50 15,00 35,83 25,83 23,33 17,50 34,17

(a)

PCA with temporal dependencies
20people 1sensor 2sensors 3sensors 4sensors

average 47,92 46,67 47,92 45,63
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Figure 8.1: PCA with temporal dependencies. Sine-Cosine representation. Results

obtained using all orientations and heights at once. These results show that taking

into account the temporal dependencies of the data performs better than the previous

approach. However, the performance of the system is still not good enough, therefore,

a non-linear model of the activities is further evaluated.
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Chapter 9

Spatio-Temporal Isometric Mapping
Performance Results

Next, we will show the results achieved by applying ST-Isomap together with Shep-

pard’s interpolation.

Similar to the previous Section, the system was trained and tested in many different

conditions to achieve better performance and robustness.

The first step is to train the system. In the training step, a model for each activity

has to be found. To achieve this, the system was trained with demonstrations of all the

activities. Twenty people demonstrated all the activities in different conditions. As we

did with PCA, we trained and evaluated the system with different subsets of people

in order to see how well the system can learn a model of an activity with more or

less demonstrations of the activity. We used one, two and three people demonstrating

the activities. Every demonstrator performed the four activities three times at three

different orientations and two different heights.

For instance, if the system constructs the activity’s models from the demonstrations

performed by only one demonstrator, the database used to find a model of each activity

would be composed by twelve sequences for push, twelve sequences for rotate and so

on for all four activities. If the system is trained learning the activities performed by

two demonstrators, the data base would be composed by twenty four sequences for

each activity.

The system was always evaluated with an activity performed by a person not in-

cluded in the training step; i.e., the people demonstrating the activities in the training

step were different from the people performing the activities to test the system.

We trained and tested the system i) using only the sensor placed on the middle of
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the hand ii) using the sensor placed on the middle of the hand with the one on the

thumb or iii) using the sensors placed on the thumb, hand and forearm.

The system was always trained and tested using all possible ways (orientations and

heights) of performing an action.

The experimental evaluation shows that the results achieved by using only the sen-

sor placed on the hand were much better than using more sensors.

In all the tables, the actions in the upper row of the table are the sequences we were

testing and the actions in the left column of the table are the result of the classification.

The values inside the cells are expressed in percentage. The ones on the diagonal are

the percentage of correct classifications. The sensors used in the classification of an

activity are shown in the upper part of each table. s1 stands for the sensor placed on

the middle of the hand, s4 stands for the sensor placed on the thumb, s2 stands for the

sensor placed on the forearm.

ONE PERSON: Figures (9.1) and (9.2) show the results achieved training the sys-

tem with the demonstrations performed by only one person and testing the system with

a different person. Figures(9.3) and (9.4) give a general idea of how the values taken

by the variables ”number of dimensions of the low dimensional space” and ”scaling

factor cCTN” influence on the system’s performance. As mentioned before, cCTN was

the constant factor by which the distances between common temporal neighbors were

reduced.

TWO PEOPLE: Figures (9.5) and (9.6) show the results achieved in case of train-

ing the system with the demonstrations performed by two people and testing it with the

demonstrations performed by a third one. Figures (9.7) and (9.8) give a general idea of

how the values taken by the variables ”number of dimensions of the low dimensional

space” and ”scaling factor cCTN” influence on the system’s performance.

THREE PEOPLE: Figures (9.9) and (9.10) show the results achieved in case of

three people demonstrating the movements in the training step and a fourth one for

testing it. Figures (9.11) and (9.12) analyze how the ”number of dimensions of the

low dimensional space” and the ”scaling factor cCTN” influence on the system’s per-

formance.

The statistical evaluation shows that by using only the information of the sensor

placed on the middle of the hand, the system performs the best. However, it stand to

reason that in such a way, some actions such as pick up and put down can not be differ-

entiated between each other. In general, five or six dimensions are needed in order to

correctly model the activities. cCTN = 100 usually gives the best results. An average

rate of correct classifications around the 75% is achieved considering the four actions.
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(a) The sequences were mapped on a 3-dimensional space.

(b) The sequences were mapped on a 4-dimensional space.

Figure 9.1: Isomap results. One person demonstrated the four movements in the train-

ing process and the motions of a second person were classified.

We should highlight here that the system was trained only with the demonstrations

performed by 1, 2 or 3 people and tested with an activity performed by a person not

considered in the training step. What is more the activities were performed for all the

orientations and heights in both training and testing step. So, the complexity of these

experiments is very high.

The next step was to evaluate the system considering only three actions: push,

rotate and ”pick up/put down”. The third action consists of a combination of pick up

and put down, in other words, we didn’t make any distinction between pick up and put

down, considering them as the same activity.

ONE PERSON: Figures (9.13) and (9.14) show the results achieved in case of
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(a) The sequences were mapped on a 5-dimensional space.

(b) The sequences were mapped on a 6-dimensional space.

Figure 9.2: Isomap results. One person demonstrated the four movements in the train-

ing process and the motions of a second person were classified.

one person demonstrating the movements in the training step and the movements per-

formed by a second person to test the system. Figures (9.15) and (9.16) analyze how

the ”number of dimensions in the low dimensional space” and the ”scaling factor

cCTN” influence on the system’s performance. The movements put down and pick

up were joined in the same movement not making any distinction between them. Only

the information of the sensor placed on the middle of the hand was considered.

TWO PEOPLE: Figures (9.17) and (9.18) show the results achieved in case of two

people demonstrating the movements for training the system and a third one for test-

ing it. Figures (9.19) and (9.20) analyze how the ”number of dimensions in the low

dimensional space” and the ”scaling factor cCTN” influence on the system’s perfor-
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mance. The movements put down and pick up were joined in the same movement not

making any distinction between them. Only the information of the sensor placed on

the hand was considered.

One can see that these results are much better that using PCA. In average a correct

classification rate higher than 95% is achieved. We should point out here that again

the system was trained with only the demonstrations performed by two people. The

system was always tested with activities performed by a person not included in the

training data-set. The people were never trained before demonstrating the actions.
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s1 Parameter Evaluation
mean of the dimensions p r pd pu

ct=2 p 81,9445 2,7778 16,6665 6,94445 68,40281

ct=2 r 6,9444 86,111 1,3889 5,55555

ct=2 pd 4,16675 2,77775 36,11125 18,0555

ct=2 pu 6,9444 8,33325 45,83325 69,4445

ct=5 p 87,5 0 5,5555 0 71,87501

ct=5 r 0 88,889 12,50015 12,49995

ct=5 pd 5,5555 0 26,38905 2,77775

ct=5 pu 6,9444 11,111 55,55575 84,722

ct=10 p 81,94425 0 4,16665 6,9445 59,02773

ct=10 r 8,3335 81,9445 1,3889 27,77775

ct=10 pd 0 0 6,9444 0

ct=10 pu 9,7224 18,0555 87,5 65,27775

ct=100 p 100 0 1,3889 0 75,69438

ct=100 r 0 94,44425 4,16665 12,5

ct=100 pd 0 1,3889 43,0555 22,22225

ct=100 pu 0 4,1667 51,389 65,27775
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Figure 9.3: Analysis of the previous results taking into account only the information

given by the first sensor. One person demonstrated the four movements in the training

process and the motions of a second person were classified. cCTN = 100 performs

the best. Due to only the information given by the sensor placed on the middle of the

hand is used, the system is not able to distinguish between the activities pick up and

put down and object on the table.
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s1 Dimensionality Evaluation
mean ct p r pd pu

3dimensions p 79,16675 0 5,5555 9,72225 67,01388

3dimensions r 5,55565 79,16675 2,7778 4,16665

3dimensions pd 9,72225 4,16665 41,66675 18,0555

3dimensions pu 5,5555 16,66665 50 68,05525

4dimensions p 86,11125 0 13,8888 1,3889 68,05558

4dimensions r 9,72225 90,27775 8,3334 11,11115

4dimensions pd 0 0 20,8333 12,5

4dimensions pu 4,16665 9,72215 56,9445 75

5dimensions p 93,0555 1,3889 2,77775 1,3889 69,44441

5dimensions r 0 88,88875 5,55565 16,66655

5dimensions pd 0 0 20,8334 6,9445

5dimensions pu 6,9445 9,72215 70,8335 75

6dimensions p 93,05525 1,3889 5,5555 1,3889 70,48606

6dimensions r 0 93,0555 2,77775 26,3889

6dimensions pd 0 0 29,16675 5,5555

6dimensions pu 6,94455 5,5555 62,5 66,66675
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Figure 9.4: Analysis of the previous results taking into account the information given

by the only the first sensor. One person demonstrated the four movements in the train-

ing process and the motions of a second person were classified. The higher the number

of dimensions in the low dimensional space, the better the number of correct classifi-

cations. Again the actions push and rotate are correctly classified by the system, while

pick up and put down are often confused with the rest.
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(a) The sequences were mapped on a 3-dimensional space.

(b) The sequences were mapped on a 4-dimensional space.

Figure 9.5: Isomap results. Two people demonstrated the four movements in the train-

ing process and the motions of a third person were classified.
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(a) The sequences were mapped on a 5-dimensional space.

(b) The sequences were mapped on a 6-dimensional space.

Figure 9.6: Isomap results. Two people demonstrated the four movements in the train-

ing process and the motions of a third person were classified.
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Parameter Evaluation
mean of the dimensions p r pd pu

ct=2 p 75 2,77775 5,5555 2,7778 64,5833

ct=2 r 1,3889 84,722 2,7778 26,389

ct=2 pd 23,61115 12,50005 90,27775 62,5

ct=2 pu 0 0 1,3889 8,33345

ct=5 p 90,27775 2,7778 0 13,88875 66,31938

ct=5 r 4,16665 90,2775 20,8335 27,77775

ct=5 pd 4,16675 6,9444 63,889 37,5

ct=5 pu 1,3889 0 15,27765 20,83325

ct=10 p 97,222 5,5555 4,16675 40,27775 67,70824

ct=10 r 0 86,111 11,11115 15,2779

ct=10 pd 1,3889 8,33325 76,38875 33,33325

ct=10 pu 1,3889 0 8,33325 11,1112

ct=100 p 100 8,3333 11,11115 19,4445 72,22214

ct=100 r 0 91,6665 0 43,05575

ct=100 pd 0 0 88,88875 29,1665

ct=100 pu 0 0 0 8,3333
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Figure 9.7: Analysis of the previous results taking into account the information given

by only the first sensor. Two people demonstrated the four movements in the training

process and the motions of a third person were classified. The higher the value of the

parameter cCTN , the better the number of correct classifications. In fact, cCTN = 100

performs the best. Pick up is still not correctly classified. However push, rotate and

put down achieve an average rate of correct classifications around 95%.
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Dimensionality Evaluation
mean ct p r pd pu

3dimensions p 79,1665 12,4999 12,5 19,4444 56,59723

3dimensions r 2,77775 70,83325 11,11115 30,55575

3dimensions pd 16,66675 16,6665 58,3335 31,9445

3dimensions pu 1,3889 0 18,0554 18,05565

4dimensions p 90,27775 4,16665 1,3889 13,88875 69,09711

4dimensions r 1,3889 88,88875 5,55555 26,389

4dimensions pd 6,9444 6,9445 87,49975 49,99975

4dimensions pu 1,3889 0 5,5555 9,7222

5dimensions p 97,22225 1,3889 2,77775 20,8334 72,56939

5dimensions r 1,3889 95,833 9,72225 30,55565

5dimensions pd 1,3889 2,7778 86,11125 37,5

5dimensions pu 0 0 1,3889 11,11105

6dimensions p 95,83325 1,3889 4,16675 22,22225 72,56933

6dimensions r 0 97,222 8,3335 25

6dimensions pd 4,16675 1,3889 87,49975 43,0555

6dimensions pu 0 0 0 9,7223
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Figure 9.8: Analysis of the previous results taking into account the information given

by only the first sensor. Two people demonstrated the four movements in the training

process and the motions of a third person were classified. The higher the number of

dimensions in the low dimensional space, the better the number of correct classifica-

tions. As shown in the previous evaluation, all actions are correctly classify except

from pick up.



CHAPTER 9. SPATIO-TEMPORAL ISOMETRIC MAPPING PERFORMANCE RESULTS128

(a) The sequences were mapped on a 3-dimensional space.

(b) The sequences were mapped on a 4-dimensional space.

Figure 9.9: Isomap results. Three people demonstrated the four movements in the

training process and the motions of a fourth person were classified.
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(a) The sequences were mapped on a 5-dimensional space.

(b) The sequences were mapped on a 6-dimensional space.

Figure 9.10: Isomap results. Three people demonstrated the four movements in the

training process and the motions of a fourth person were classified.
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Parameter Evaluation
mean of the dimensions p r pd pu

ct=2 p 88,88875 22,222 29,1665 36,11125 60,41669

ct=2 r 11,11125 70,8335 8,3334 16,6665

ct=2 pd 0 0 51,389 16,66665

ct=2 pu 0 6,9444 11,11115 30,5555

ct=5 p 88,889 6,94445 19,4445 24,99975 67,01394

ct=5 r 0 79,16675 4,1667 9,7223

ct=5 pd 1,3889 0 62,5 27,77775

ct=5 pu 9,72225 13,8889 13,88875 37,5

ct=10 p 90,2775 18,05555 25 29,1665 59,72219

ct=10 r 1,3889 72,22225 8,3334 13,88875

ct=10 pd 2,77775 2,7778 50 30,55575

ct=10 pu 5,55555 6,9444 16,6668 26,389

ct=100 p 84,72225 8,33345 6,94455 23,61125 66,66663

ct=100 r 5,55565 80,5555 5,5555 4,16665

ct=100 pd 2,7778 6,9444 65,27775 36,111

ct=100 pu 6,9444 4,1667 22,22225 36,111
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Figure 9.11: Analysis of the previous results taking into account the information given

by only the first sensor. Three people demonstrated the four movements in the training

process and the motions of a fourth person were classified. In this approach both

cCTN = 5 and cCTN = 100 achieve similar results. Although it was expected the

contrary, the results obtained training the system with two people are better than with

three people, this is due to the noisy data.
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Dimensionality Evaluation
mean ct p r pd pu

3dimensions p 80,5555 26,3889 30,5555 33,33325 51,73619

3dimensions r 11,11125 59,7225 9,72215 20,83325

3dimensions pd 2,7778 2,77775 45,83325 25

3dimensions pu 5,55565 11,11115 13,8888 20,8335

4dimensions p 80,5555 6,94445 19,4444 25 62,15275

4dimensions r 6,94455 75 11,11125 9,72215

4dimensions pd 1,3889 4,16665 59,72225 31,9444

4dimensions pu 11,111 13,88875 9,72215 33,33325

5dimensions p 97,222 11,11105 19,4444 29,16675 70,13881

5dimensions r 0 86,111 2,7778 9,72215

5dimensions pd 0 0 61,11125 25

5dimensions pu 2,7778 2,7778 16,66675 36,111

6dimensions p 94,4445 11,11105 11,11125 26,38875 69,79169

6dimensions r 0 81,9445 2,7778 4,16665

6dimensions pd 2,77775 2,7778 62,5 29,16675

6dimensions pu 2,77775 4,1667 23,61125 40,27775
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Figure 9.12: Analysis of the previous results taking into account the information given

by only the first sensor. Three people demonstrated the four movements in the training

process and the motions of a fourth person were classified. Again, the higher the

number of dimensions in the low dimensional space, the better the results achieved.
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(a) The sequences were mapped on a 3-dimensional space.

(b) The sequences were mapped on a 4-dimensional space.

Figure 9.13: Isomap results. One person demonstrated the four movements in the

training process and the motions of a second person were classified. The movements

put down and pick up were joined in the same movement not making any distinction

between them. Only the information of the sensor placed on the hand was considered.
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(a) The sequences were mapped on a 5-dimensional space.

(b) The sequences were mapped on a 6-dimensional space.

Figure 9.14: Isomap results. One person demonstrated the four movements in the

training process and the motions of a second person were classified. The movements

put down and pick up were joined in the same movement not making any distinction

between them. Only the information of the sensor placed on the hand was considered.

a
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Dimensionality Evaluation
mean ct p r pd

3dimensions p 84,72225 2,7778 6,2501 82,40733

3dimensions r 2,7778 95,83325 27,08333

3dimensions pd 12,5 1,3889 66,6665

4dimensions p 91,66675 0 0 85,99533

4dimensions r 0 98,611 32,29175

4dimensions pd 8,33325 1,3889 67,70825

5dimensions p 94,4445 0 0 87,38417

5dimensions r 0 100 32,29193

5dimensions pd 5,5555 0 67,708

6dimensions p 94,4445 0 0 88,07867

6dimensions r 0 100 30,20858

6dimensions pd 5,5555 0 69,7915
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Figure 9.15: Analysis of the previous results. One person demonstrated the four move-

ments in the training process and the motions of a second person were classified. The

movements put down and pick up were joined in the same movement not making any

distinction between them. Only the information of the sensor placed on the hand was

considered. The higher the number of dimensions considered, the better the rate of

correct classification on average.
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Paramenter Evaluation
mean of the dimensions p r pd

ct=2 p 86,11125 0 4,16675 76,96758

ct=2 r 1,3889 100 51,04175

ct=2 pd 12,5 0 44,7915

ct=5 p 87,5 1,3889 0 84,72208

ct=5 r 1,3889 95,83325 29,167

ct=5 pd 11,111 2,7778 70,833

ct=10 p 91,66675 0 1,041675 84,72217

ct=10 r 0 100 36,4585

ct=10 pd 8,33325 0 62,49975

ct=100 p 100 1,3889 1,041675 97,45367

ct=100 r 0 98,611 5,208325

ct=100 pd 0 0 93,75
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Figure 9.16: Analysis of the previous results. One person demonstrated the four move-

ments in the training process and the motions of a second person were classified. The

movements put down and pick up were joined in the same movement not making any

distinction between them. Only the information of the sensor placed on the hand was

considered. One more time, cCTN = 100 performs the best with an average rate of

correct classification of the 97%.
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(a) The sequences were mapped on a 3-dimensional space.

(b) The sequences were mapped on a 4-dimensional space.

Figure 9.17: Isomap results. Two people demonstrated the four movements in the

training process and the motions of a third person were classified. The movements

put down and pick up were joined in the same movement not making any distinction

between them. Only the information of the sensor placed on the hand was considered.
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(a) The sequences were mapped on a 5-dimensional space.

(b) The sequences were mapped on a 6-dimensional space.

Figure 9.18: Isomap results. Two people demonstrated the four movements in the

training process and the motions of a third person were classified. The movements

put down and pick up were joined in the same movement not making any distinction

between them. Only the information of the sensor placed on the hand was considered.
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Dimensionality Evaluation
mean ct p r pd

3dimensions p 86,11125 4,16675 9,72215 81,4815

3dimensions r 2,77775 83,33325 15,27765

3dimensions pd 11,111 12,4999 75

4dimensions p 97,22225 1,3889 2,7778 94,90717

4dimensions r 0 95,833 5,55565

4dimensions pd 2,77775 2,7778 91,66625

5dimensions p 98,611 0 2,7778 97,68508

5dimensions r 0 98,611 1,3889

5dimensions pd 1,3889 1,3889 95,83325

6dimensions p 100 0 0 99,537

6dimensions r 0 100 1,3889

6dimensions pd 0 0 98,611
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Figure 9.19: Analysis of the previous results. Two people demonstrated the four move-

ments in the training process and the motions of a third person were classified. The

movements put down and pick up were joined in the same movement not making any

distinction between them. Only the information of the sensor placed on the hand was

considered. The higher the number of dimensions considered, the better the rate of

correct classification on average. In case of a six-dimensional low space an average

rate of correct classifications of 99.5% is achieved.
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Paramenter Evaluation
mean of the dimensions p r pd

ct=2 p 90,27775 0 1,3889 88,42592

ct=2 r 0 90,27775 13,8889

ct=2 pd 9,72215 9,72215 84,72225

ct=5 p 94,4445 1,3889 1,3889 94,90725

ct=5 r 0 97,222 5,55555

ct=5 pd 5,5555 1,3889 93,05525

ct=10 p 97,22225 4,16675 1,3889 95,37025

ct=10 r 2,77775 93,05525 2,77775

ct=10 pd 0 2,7778 95,83325

ct=100 p 100 0 11,11105 94,90733

ct=100 r 0 97,22225 1,3889

ct=100 pd 0 2,77775 87,49975
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Figure 9.20: Analysis of the previous results. Two people demonstrated the four move-

ments in the training process and the motions of a third person were classified. The

movements put down and pick up were joined in the same movement not making any

distinction between them. Only the information of the sensor placed on the hand was

considered. cCTN = 10 performs the best with an average rate of correct classifications

of the 95.3%.. However, both cCTN = 5 and cCTN = 100 achieve an average rate of

correct classifications of the 94.9%.
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Chapter 10

Conclusions and Future Work

10.1 Conclusion

After comparing the performance results of both linear and non-linear dimensionality

reduction techniques for human actions recognition purposes, we can conclude that

human actions have an intrinsic non-linear structure.

Linear dimensionality reduction techniques are not able to find a suitable model for

the activities considered. In contrary, non-linear dimensionality reduction techniques

such as ST-Isomap, are able to extract the non-linear low-dimensional structure of the

human actions embedded in the high dimensional space.

Our experimental evaluation shows that ST-Isomap performed much better than

PCA or temporal PCA. However, ST-Isomap was more complex and time requiring.

10.2 Future Work

The limitations of our quality measurement due to the presence of noise signals sug-

gest a natural direction for future work. Similar to the work done by Ormoneit et

al. [31] in cyclic human motions, we could search the correlation between the dif-

ferent demonstrations of the same action. Aligning the demonstrations of an activity

we could exploit the own shape and naturalness of the movements using the temporal

meaning of the human movements. To achieve this, they re-scaled each individual se-

quence choosing the best length p, and then they shifted them according to an offset

parameter. Figure (10.2) shows an example of the sequences before re-scaling them

and after re-scaling them.



10.2 Future Work 141

1 2 3 4 5 6 7 8 9 10
−1

−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

(a) Sequences before re-scaling them.
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(b) Sequences after re-scaling them.

Figure 10.1: Alignment of delayed activity’s demonstrations.

In addition, the placements of the sensors along the arm may not be the best to

classify the human actions considered. Therefore, new placements for the sensors

should be analyzed.

Apart from that, our experience shows that considering only the local orientation

of each sensor related to a reference sensor placed in some part of the body may be

better than considering both the global orientation and position of each sensor. In this

way, we could decrease the dimensionality of the input data. Taking into account that

some dimensionality reduction techniques (such as ST-Isomap) are sensitive to the the

dimensionality of the input data, much better results could be achieved.

Possible future work is to extend the actions considered and evaluate two hands

actions.
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Appendix A

Manifold

As defined in [58] and [59], a manifold is an abstract mathematical space in which

every point has a neighborhood which is topologically the same than the point con-

sidered. In other words, a topological space that is locally Euclidean. However, the

global structure may be more complicated.

Technically, any object that can be ”charted” is a manifold.

Every manifold has a characteristic finite number of dimensions for a positive inte-

ger, therefore, you can find one-dimensional, two dimensional or n-dimensional man-

ifolds. In a one-dimensional manifold, every point has a neighborhood that appears a

segment of a line. Examples of one-dimensional manifolds are a line, a circle, or any

closed loop. In fact, any closed loop resembles topologically, no matter how it looks

like. In a two-dimensional manifold, every point has a neighborhood that appears a

disk. Examples of two-manifolds include a plane, the surface of a sphere, the surface

of a coffee mug and the surface of a donut. Some examples of manifolds are shown in

figure (A.1).

Topologically, a manifold can be compact or noncompact, and connected or discon-

nected. What is more, you can find a ”manifold with boundary” if the manifold con-

tains its own boundary, or an unbounded manifold. Besides of these ones, another type

of manifold are called smooth manifolds (also called differentiable manifolds). They

are manifolds for which overlapping charts ”relate smoothly” to each other, meaning

that the inverse of one followed by the other is an infinitely differentiable map from

Euclidean space to itself.

Manifolds appear naturally in all kind of applications as ”global objects”. As an

instance, a ”global object” or manifold arises to store all of the parameters needed in

order to accurately describe all the possible positions and orientations of a robot arm.



APPENDIX A. MANIFOLD 143

Figure A.1: Examples of two dimensional manifolds. Some of them are not manifolds,

but the reason is pointed out.

A commonly used example of manifold is Euclidean space. Moreover, any smooth

boundary of a subset of Euclidean space, like the circle or the sphere, is a manifold.

A manifold may be endowed with more structure than a locally Euclidean topology.

Examples of manifolds with additional structure are smooth, complex, or even alge-

braic. A complex manifold with a Kähler structure is called a Kähler manifold. One

with a symplectic structure is called a symplectic manifold, which serve as the phase

space in classical mechanics. Finally, a smooth manifold with a metric is called a Rie-

mannian manifold on which distances and angles can be defined. The four-dimensional

pseudo-Riemannian manifolds models space-time in general relativity. Further exam-

ples can be found in [58].
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Appendix B

Riemann manifold

As defined in [60], a Riemann manifold or Riemann surface is a one-dimensional
complex manifold. Riemann manifolds can be thought of as ”deformed versions” of

the complex plane. Locally, i.e., a neighborhood of every point looks like a patch of

the complex plane, but globally, the structure of the manifold may be very different, it

might look like a sphere or a torus (donut).

The most important property about Riemann manifolds is that holomorphic func-

tions may be defined between them. Riemann manifolds are considered the common

setting for studying the global behavior of holomorphic functions, particularly func-

tions such as the square root or the logarithm which can take several values in the same

point.

Every Riemann manifold is a two-dimensional real analytic manifold, but it con-

tains a complex structure which is needed for the unambiguous definition of holomor-

phic functions. A two-dimensional real manifold can be turned into a Riemann man-

ifold if and only if it is orientable (An object is orientable if it can be moved around

the surface and back to where it started so that it looks like its mirror image. In other

words, a surface in 3-space is orientable if it has two distinct sides, and non-orientable

if it has only one side.). Figure (B.1) shows orientable and non-orientable manifolds.

B.1 Formal definition

Directly extracted from [61], a Riemann surface is a one-dimensional complex man-

ifold. Explicitly, a Riemann surface is a Hausdorff topological space which satisfy a

set of homomorphisms between open subsets of that space and open subsets of the

complex space. It satisfies the following two conditions:
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:   Orientable :   Non OrientableA) B)

Figure B.1: A) An example of a real manifolds which can be turned into a Riemann

manifold. B) An example of a real manifolds which can not be turned into a Riemann

manifold

• All the points in the Riemann manifold lie in the domain of at least one of the

homomorphisms.

• If the domains of two homomorphisms overlap, the composition of one homo-

morphism with the inverse of the restriction to the overlap region of the other

homomorphism is a complex analytic function.

The most common example of a Riemann manifold which is not a subset of the

complex plane is the Riemann sphere.

The main reason Riemann manifolds are interesting is that one can speak of ana-

lytic functions on them. A complex-valued function on a Riemann manifold is said to

be analytic if the composition of this function with the inverse of any of the homomor-

phisms mentioned in the definition is a complex analytic function.
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Appendix C

Kronecker delta function

In mathematics, the Kronecker delta function is a function of two variables, usually

integers, which is 1 if they are equal, and 0 otherwise.

So, for example, δ12 = 0, but δ33 = 1. It is written as the symbol δij , and treated as

a notational shorthand rather than as a function.

δij =

{
1, if i = j;

0, if i 
= j.
(C.1)

or, using the Iverson bracket:

δij = [i = j]; (C.2)

Often, the notation di is used.

δi =

{
1, if i = 0;

0, if i 
= 0.
(C.3)
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Appendix D

Dijkstra’s algorithm

D.1 Overview

Dijkstra’s algorithm is a procedure that solves the single-source shortest path problem

for a directed graph with nonnegative edge weights.

For example, if the graph’s stages represent streets in Stockholm and connection’s

weights represent walking distances between pairs of streets connected directly, Dijk-

stra’s algorithm can be used to find the shortest path between two streets not directly

connected.

The input of the algorithm consists of a graph G, with a set V of vertices and a set

F of weighted edges (u, v) representing the connection between the pair of points u

and v.

Figure D.1: Graph G

A weight function w(u, v) gives the non-negative costs of moving from vertex u to

vertex v. The cost is a function of the distance between those two vertices. The cost of

a path between two vertices is the sum of costs of the edges in that path.
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For a given pair of vertices s and t in V, the algorithm finds the path from s to t

with lowest cost (i.e. the shortest path). It can also be used for finding costs of shortest

paths from a single vertex s to all other vertices in the graph.

As instance, in Figure (D.1) the shortest path to go from vertex one to five is

through the vertices two and three and the total cost of that way is seven.

D.2 Algorithm description

The algorithm consist of keeping for each vertex v the cost d(v) of the shortest path

found so far between s and v. Initially, all the distances d(v) for every v in V are inf,

except for the source vertex s (d(s) = 0).

ds(v) =

{
0, for the source vertex;

inf, If s 
= v, for every v ∈ V .
(D.1)

At the end, d(v) for every v in V will be the cost of the shortest path from s to v or

inf, if no such path exists.

ds(v) =

{
cost, If s is connected with v for every v ∈ V ;

inf, If s is not connected with v for every v ∈ V .
(D.2)

The next step of Dijkstra’s algorithm is edge relaxation: if there is an edge from

u to v and from s to u;

ds(v) = min[ds[v], ds[u] + w(u, v)] (D.3)

Edge relaxation is applied until all values ds(v) represent the cost of the shortest

path from s to v.
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Appendix E

Shepard’s interpolation method

Nowadays, data interpolation problems arise in many application areas such as mathe-

matics, geology, economy... There are two main types of interpolation methods [62] ,

the first ones are Radial Basis Functions (RBFs) and the second ones are Shepard-type

methods. Both types, RBFs and Shepard, are widely used in practice.

Shepard’s interpolation method learns an approximation function form training

data sets based on a weighted average of values of the input data points. Shepard’s

interpolation algorithm can be based on quadratic, cubic, linear, and trigonometric

polynomials. Shepard’s interpolation methods based on quadratic and cubic functions

are more complex and require more coefficients, and hence more data than the linear

Shepard’s method. Thus, linear Shepard’s interpolation methods are more commonly

used in practice.

Shepard’s interpolation method is essentially based on an inverse distance average

of data values in the input space weighted by the distances between each other.

Given a set of N data points pi, i = 1, 2, ..., N where p = (x, y, z, ...), with as-

sociated data values vi, we aim at finding an interpolating function F (p) such that

F (pi) = vi.

F (pi) =

∑N
k=1(wk(pi)vk)∑N

k=1(wk(pi))
(E.1)

Where the weight function wk(pi) has the form:

wk(pi) = ‖pi − pk‖−p (E.2)

Three important issues to note are:



APPENDIX E. SHEPARD’S INTERPOLATION METHOD 150

1. we are able to specify the method for an arbitrary number of dimension of the

input space;

2. we don’t need to specify any connectivity between data points;

3. we do not have to solve any linear system of equations (as is needed in the Radial

Basis Function approach)
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Appendix F

ISOMAP: additional performance
results

Here we show some more results achieved applying ST-Isomap to the data.

In order to compare the performance of PCA, temporal PCA and ST-Isomap we

evaluated the system using ST-Isomap exactly in the same conditions as we did with

PCA. So, we used the demonstrations performed by all the people to train the system.

In this approach, the way in which the system was evaluated was completely different

to the previous ones. We took all the people one by one, and for each one, we split the

data in the three possible combinations of two trials for training the system and one

trial for testing it (i.e. every person repeated each demonstration three times). These

results are shown in Figures (F.1), (F.2), (F.3) and (F.4).

ALL PEOPLE

In this experiment one can realize that the best results are again achieved just con-

sidering only one sensor (the one placed in the middle of the hand). At least five or

six dimensions are needed to represent the activities. Contrary to the previous experi-

ments, cCTN = 5 performs the best. This is due to when cCTN increases, the models of

the different activities are clearer defined as it is shown in Figure (6.5). However, to la-

bel as the same activity two demonstrations of an activity performed in a very different

way becomes more difficult. cCTN = 5 is the better trade to differentiate the four ac-

tivities between each other (one can understand that the four activities are very similar)

and still recognize two very different demonstrations of one activity like the same ac-

tivity. So, for example, considering only five dimensions, only using the sensor placed

on the hand and cCTN = 5, we achieve an average rate of correct classifications around

70%. However, due to the information given by only the first sensor is used, pick up is



APPENDIX F. ISOMAP: ADDITIONAL PERFORMANCE RESULTS 152

Figure F.1: Isomap results. All people demonstrated the four tasks at three different

orientations, two different heights and three times each one. Two of the three trials

were used in the training process and the third one was used to test the system. The

sequences were mapped on a 3-dimensional space.

Figure F.2: Isomap results. All people demonstrated the four tasks at three different

orientations, two different heights and three times each one. Two of the three trials

were used in the training process and the third one was used to test the system. The

sequences were mapped on a 4-dimensional space.

still not clearly classify by the system, which makes the average rate of correct classifi-

cations to lower. We should highlight here that in order to compare the performance of

PCA and ST-Isomap, the system has to be evaluated in exactly the same conditions, so,

in this experiment we didn’t normalized the length of the sequences before applying

ST-Isomap, and this can lead to a worse performance too.
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Figure F.3: Isomap results. All people demonstrated the four tasks at three different

orientations, two different heights and three times each one. Two of the three trials

were used in the training process and the third one was used to test the system. The

sequences were mapped on a 5-dimensional space.

Figure F.4: Isomap results. All people demonstrated the four tasks at three different

orientations, two different heights and three times each one. Two of the three trials

were used in the training process and the third one was used to test the system. The

sequences were mapped on a 6-dimensional space.
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Dimensionality Evaluation
mean ct p r pd pu

3dimensions p 58,33333 25 34,16667 20,83333 42,70833

3dimensions r 0 22,5 0,833333 0,833333

3dimensions pd 20,83333 32,5 50 38,33333

3dimensions pu 20,83333 20 15 40

4dimensions p 70 18,33333 32,5 21,66667 52,08333

4dimensions r 0,833333 33,33333 0 0

4dimensions pd 6,666667 23,33333 47,5 20,83333

4dimensions pu 22,5 25 20 57,5

5dimensions p 80 14,16667 30 25 60,83333

5dimensions r 0,833333 55 0,833333 2,5

5dimensions pd 2,5 10,83333 52,5 16,66667

5dimensions pu 16,66667 20 16,66667 55,83333

6dimensions p 84,16667 8,333333 33,33333 30 64,79167

6dimensions r 1,666667 71,66667 0 2,5

6dimensions pd 0,833333 7,5 51,66667 15,83333

6dimensions pu 13,33333 12,5 15 51,66667

Dimensionality Evaluation

0

10

20

30

40

50

60

70

80

90

3 4 5 6

Number of dimensions

C
o

rr
e

c
t 

C
la

s
s

if
ic

a
ti

o
n

 r
a

te
 

(%
)

push

rotate

put_down

pick_up

Dimensionality Evaluation

0

10

20

30

40

50

60

70

3 4 5 6

Number of Dimensions

C
o

rr
e

c
t 

C
la

s
s

if
ic

a
ti

o
n

 R
a

te
 

(%
)

Mean

Figure F.5: Analysis of the previous results. All people demonstrated the four tasks

at three different orientations, two different heights and three times each one. Two of

the three trials were used in the training process and the third one was used to test the

system. The higher the number of dimensions of the low dimensional space, the better

the results achieved. All the activities are correctly classified at least in the 50% of

the occasions. For a six-dimensional space an average rate of correct classifications

around 65% is achieved.
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Paramenter Evaluation
mean of the dimensions p r pd pu

ct=5 p 90 5 18,75 41,875 60,9375

ct=5 r 0 54,375 1,25 1,25

ct=5 pd 1,25 14,375 60 17,5

ct=5 pu 8,75 26,25 20 39,375

ct=10 p 63,125 20 37,5 21,875 54,53125

ct=10 r 1,875 55,625 0 3,125

ct=10 pd 6,875 15 43,75 19,375

ct=10 pu 28,125 9,375 18,75 55,625

ct=100 p 66,25 24,375 41,25 9,375 49,84375

ct=100 r 0,625 26,875 0 0

ct=100 pd 15 26,25 47,5 31,875

ct=100 pu 18,125 22,5 11,25 58,75
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Figure F.6: Analysis of the previous results. All people demonstrated the four tasks

at three different orientations, two different heights and three times each one. Two of

the three trials were used in the training process and the third one was used to test the

system. In this experiment cCTN = 5 performs the best achieving an average rate of

correct classifications around 60%.
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