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Abstract

The goal of this study is to improve upon an existing activity classifier software model
called FusionAAC, previously developed at Roessingh Research and Development.
FusionAAC applies a technique called Hidden Markov Modeling to automatically
and independently classify human activities. It mainly uses kinematic motion sen-
sor data as input, but other input data types are also possible. The FusionAAC
software is based upon the Hidden Markov Toolkit 3.4, implemented in a Labview
environment.

Until now, FusionAAC has been largely used as a ’black box’ tool. This study
looks to open up the black box by taking a closer look at the underlying algorithms.
The deeper understanding is used to improve various aspects of the software, most
notably the training process of the classifier. For the training process, the way the
training data should be organized and different parameter initialization methods are
discussed. Other areas of focus are preprocessing of the input data through appli-
cation of principal components analysis, and the avoidance and removal of errors
(most notably false positives) from the classification results. The improvements are
tested on a data set containing various lifting activities.
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List of symbols

Description

Clock time

Total number of clock times, 1 <t <T

State space of a Markov chain

Total number of states in a Markov chain

State ¢ in a Markov chain, 1 <i < N

State of a Markov chain at clock time ¢

Markov chain state sequence Xi --- Xp

Initial state probability distribution of a Markov chain, see (2.3)
Transition probability matrix {a;;} of a Markov chain, see (2.1)
Space of observable signals

Total number of distinct observable signals

Discrete observable signal k, 1 < k < M

Observable signal at clock time ¢

Sequence of observations O - - - Op

Sequence of observations from time t; to ta: Oy, - - Oy,

Vector of observable signal distributions {b;(-)}, see (2.2)
Compact notation for a HMM, A = (A, B, )

Forward variable, see (2.5)

Backward variable, see (2.6)

Probability state g; at time t, see (2.8)

Probability partial best path ending at state ¢; at time ¢, see (2.11)
Most likely state g; at time ¢ in partial best path, see (2.12)
Probability of state ¢; at time ¢ and state ¢; at time ¢t + 1, see (2.13)

Description

Substitution error

Deletion error (also called false negative)
Insertion error (also called false positive)
Word insertion penalty

X



Acronyms
HMM

MLE

DMD

AT

ADL

HTK

TV

MAP

Formulas

P(A|B) =

P(A,
P(B)

B)

Meaning

Hidden Markov Model
Maximum-Likelihood Estimation
Duchenne Muscular Dystrophy
Assistive Technology

Activities of Daily Life

Hidden Markov model Toolkit
Total Variation

Maximum A-posteriori Probability

Description and use

Conditional probability (Bayes’ theorem): the
probability that an event A occurs, given that
another event B has occurred. Plays an impor-
tant role in most derivations in this report.



Chapter 1

Introduction

1.1 Background

Over the past two decades, inertial sensing technology has seen considerable improve-
ment. Accelerometers and gyroscopes have not only become much more accurate, it
is now also possible to build cheap, highly miniaturized sensors. These developments
give rise to a wealth of new research fields where motion sensing can be applied.

One of these fields is rehabilitation technology. In rehabilitation, a therapist
often needs some way to quantify function and progress of a patient. To this end,
it is important for the therapist to be able to observe patients in a setting that
comes as close to their natural environment as possible, while at the same time the
observation is as objective and accurate as possible. For example, it is better to
observe patients walking normally compared to them walking on a treadmill, but it
might be easier to quantify motion on a treadmill. Some rehabilitation therapists
might have access to a motion analysis laboratory, but this is still not ideal. The
walking space in laboratories usually is no more than ten meters, which makes it
difficult to measure more than two gait strides in their entirety. On top of this, the
setting (artificial floor, pressure to perform) is far from optimal. In other words, to
make it easier to provide the best possible care, it would be much better to be able
to observe patients accurately and objectively during normal daily life.

This is where modern sensors come into play. The new generation of inertial sen-
sors show great potential to measure patients during normal daily life. Lightweight,
easy to position sensors, that are easily worn underneath clothing, are becoming the
standard. Not only are these sensors not affecting the wearer’s ability to perform
normal daily activities, the possibility to wear them underneath clothing greatly in-
creases social acceptance. The challenge now is to achieve the same level of accuracy
that is obtained in a laboratory setting.

In this light, and in the wake of increasing possibilities and applications of wear-
able sensing, the importance of finding smart ways to handle the recorded data
grows accordingly. For example, eight hours of back load exposure data is not in-
terpretable without highly detailed knowledge of the actual activities of the person



being analyzed. Typically, existing automated activity recognizers are only able to
distinguish a few general activities. In practice this means that any recorded data
has to be manually annotated to make sure it is interpretable at a later time. These
constraints make data acquisition enormously time-consuming. And so there arises
huge potential for accurate automated activity classification.

1.2 Activity classifiers

What is needed is an activity classifier that can distinguish between a series of
activities that are very specific to for example rehabilitation exercises of a patient,
or the job of a worker being analyzed. Moreover, after some initial learning process,
the classifier is able to do this independently and automatically.

The sensor solution that provides the data for the classifier needs to be as 'mini-
mal’ as possible. That is, it needs to be lightweight so as to not affect the activities
it tries to measure. It should consist of as few sensors as possible, positioned on
the body in the least cumbersome locations, while at the same time it still provides
enough data to capture the essence of any activities of interest.

1.2.1 Prior research

Over the past decade Roessingh Research and Development [26] (henceforth RRD)
has been working on both ambulatory sensing solutions and activity classification.
The work on ambulatory sensing resulted in the Fusion project (2009-2013) [2],
where among other things the positioning and calibration of motion sensors on the
human body was researched. The project culminated in the development of tools
to accurately and objectively monitor motor function in physical and rehabilitation
therapy, and sports. These tools were used to monitor the influence of fatigue on the
coordination of subjects running a marathon, and to provide rowing coaches with
comprehensive, accurate information about the movement, timing and behavior of
competitive rowers.

The first work on activity classification was done in 2003 as part of the master’s
project of Ruben Wassink [38] and resulted in a software model called FusionAAC
(Fusion Adaptive Activity Classification). FusionAAC applies a technique called
Hidden Markov Modeling and has been further developed and tested in several
pilot projects. For example, distinguishing between different lifting activities in a
simulated workplace environment (see also [39] and [31]), but also monitoring arm
and hand activities (eating, drinking, reaching, working on a laptop) of patients
suffering from Duchenne muscular dystrophy [44] as part of the Fusion project.
Primarily kinematic data recorded by specific motion sensor configurations serves
as input to FusionAAC, but other input data types are possible.



1.2.2 Goals

After the initial groundwork done by RRD, some fundamental questions now have
to be addressed. Maybe the most important part of designing an activity classifier
is the training process. Without the right training, it will never be capable of high
accuracy recognition. It is vital to assess whether a training set not only contains
enough information, but also the right kind of data to effectively train the model.
One of the main challenges addressed in this research will therefore be generalizing
and optimizing the training effort. Some other aspects we will go into are:

e Data preprocessing: making sure that the amount of information in the data
is maximized, while the amount of noise is minimized.

e The ability of the classifier to deal with classification (in)securities, e.g. dealing
with classification doubt between multiple activities, most notably dealing with
false positives.

e Minimizing the computational load.

1.3 Classifying arm and hand function in Duchenne pa-
tients

Duchenne muscular dystrophy (DMD) is a genetic disorder caused by a mutation in
the dystrophin gene. This gene codes for the protein dystrophin, which strengthens
muscle cells by attaching parts of the internal cytoskeleton to the cell membrane.
Without it, the cell membrane becomes permeable, eventually causing cell burst due
to excessive internal pressure. This results in a cycle wherein muscle fibers deteri-
orate and regenerate until the repair capacity of the tissue is no longer sufficient.
The degeneration of the fibers becomes irreversible and muscle cells are replaced by
fat cells and connective tissue.

The dystrophin gene is located on the X chromosome. It is a recessive gene. This
means that both sexes can carry the mutation, but mainly male children are affected
by DMD. Worldwide, one in 3500 male children [12] suffers from the disease. Only
one percent of people with DMD is female. It is the most common inherited muscle
disease in children.

Symptoms usually first appear in male children around age 6, although they may
already be visible in early infancy. Patients first start to lose muscle mass in their
legs and pelvis. Some less severe loss of muscle mass may also occur in the arms,
neck, and other areas of the body. Patients experience problems with motor skills,
like running and jumping, and walking starts to become problematic. From age 10,
braces may be required to aid in walking. Most patients are wheelchair dependent by
age 12. The progressive deterioration of muscle tissue leads to increasingly greater
degrees of paralysis. Around age 20 the respiratory and heart muscles also start
being affected, which eventually proves fatal.



At present, there is no cure for DMD. Treatment is generally aimed at controlling
the symptoms to maximize the quality of life. Maintaining upper extremity function
is very important in daily life, so physical therapy is vital to help maintain strength
and flexibility. Inactivity can worsen the disease. Orthopedic appliances, such as
wheelchairs and leg braces, may improve mobility and independence. As the disease
progresses, it becomes necessary to support respiratory function.

Over the last couple of decades, new and improved ways of treatment have led
to DMD patients living much longer. The average life expectancy for people with
DMD currently is 27 years, but because of the individual variation in the progression
of the disease, this differs from patient to patient. Nowadays half of the patients
live past the age of 30. Some even live into their 40s and 50s. However, quality of
life has not increased accordingly.

1.3.1 Adapt project

Loss of upper limb function has a major impact on the quality of life of patients.
Many patients (not only those suffering from DMD, but for example also multiple
sclerosis patients, or people recovering from a stroke or spinal cord injury) depend on
assistive technology (AT) to support them during activities of daily life (ADL) like
eating and drinking, reading or working on a laptop. Better assistance for patients
means an increased level of independence and social participation, which greatly
improves the quality of life. An example of an assistive device could be a wheelchair
mounted (dynamic) arm support, see for example [36].

Unfortunately, current AT is not yet sufficiently matched to the capabilities and
preferences of patients. This is why many patients stop using the technology [5].
Reasons for this are that users have to change numerous settings to switch between
different activities, assistive devices do not know whether a user intends to be active,
and the performance of devices only tends to be partially helpful.

With this in mind, the goal of the Adapt project [23] (part of the Symbionics
Program [22]) is to research and develop new models and methods for future gener-
ations of AT. The project focuses on understanding the mutual interaction between
patients and assistive devices. The goal is to provide an optimal physical support for
the user and adjust the assistance according to the dynamics of the requirements set
by task, user or environment. This personalized approach gives patients a central
role in defining requirements and priorities in the development of assistive devices.
Devices should continuously (co-)adapt to the user: according to a therapy plan
(e.g. increased support when a patient gets tired), to compensate for user changes
(e.g. in the case of disease progression), changing environments and changing tasks.
Furthermore, the goal is to design assistive devices that completely fit underneath
regular clothing, which is important for social acceptance.

To reach these goals, individual patient profiles need to be identified on mul-
tiple levels. Effective physical support solutions can be found through neuromus-
culoskeletal models. Co-adaptation of user and device, to cope with time-varying
task requirements, can be facilitated through wearable sensors. An unobtrusive and



robust sensing solution needs to be developed to monitor the interaction between
user and assistive device during activities of daily life. Ultimately, this should lead
to an assistive device that is able to recognize and predict in real time what spe-
cific activity a user is performing. The device can use this information to optimally
support the user.

1.3.2 Role of RRD

The real-time co-adaptive device as described in the previous section is still some-
thing for the (hopefully nearby) future. The first step towards such a device is highly
accurate activity recognition. RRD plays an important role in this part of the Adapt
project. Not only can the existing knowledge on activity classification be applied,
there is already some prior experience with the classification of activities of DMD
patients (see again [44], part of the Fusion project).

With accurate activity classification it becomes possible to get an idea of the
typical daily activities of DMD patients. This knowledge can be used to identify
where DMD patients could benefit most from AT. Ultimately, as the activity classi-
fier becomes more advanced, it could in theory also be used for real-time recognition
and prediction. This last part is beyond the scope of this research.

1.4 Overview of this report

Before we can start describing the modeling process for the classification of human
activities, first it is necessary to explain the basics of hidden Markov modeling.
Chapter 2 consist of an introduction to the theory of hidden Markov models. Chapter
3 describes the acquisition and processing of the data that will serve as input to the
activity classifier. It also describes the process of modeling human activities and
the software implementation of the theory from chapter 2, resulting in a working
activity classifier.

The second part of this report covers the research methods. Chapter 4 discusses
preprocessing of the data. Chapter 5 goes into the various aspects of the training
process and how to improve upon them. Chapter 6 provides some strategies to im-
prove on the results by trying to remove classification errors through postprocessing.

The final part of the report summarizes the results and conclusions of this re-
search. The results of testing the improvements made to FusionAAC are shown
in chapter 7. Chapter 8 presents the conclusion of this project and gives some
suggestions for future research.






Chapter 2

Hidden Markov models

2.1 Introduction

Hidden Markov Models (henceforth HMMs) were first introduced and studied in the
late 1960s and early 1970s by Leonard E. Baum and his coworkers. The technique
is especially suitable for the modeling of processes that have a sequential quality,
e.g. speech. Such processes typically produce time series with homogeneous zones,
where the observed data within these zones are governed by similar distributions. In
the case of speech, these zones can be phonemes that are characterized by a certain
frequency. Starting from the mid-1970s, speech recognition was one of the first fields
where HMMs were successfully applied [15] [24].

After the initial success realized in speech recognition, more research fields fol-
lowed. Nowadays HMMs are widely known for their applications in describing or
classifying a wide range of processes. Some examples closely related to speech recog-
nition are handwriting [7] and sign language recognition [32]. The technique has also
proven useful in modeling biological processes such DNA sequence analysis [18], au-
tomated musical accompaniment of human performers [20] and even computer virus
detection [41].

To familiarize the reader with the modeling problem, this chapter will start with
a toy example. In section 2.3 we will present a general hidden Markov model and
discuss the various parameters of this model. Finally, section 2.4 describes how to
estimate these model parameters.

2.2 Toy example

A hidden Markov model is a doubly stochastic process. It consists of an underlying
stochastic process — more specifically a first-order Markov chain — that is not
observable (hidden), and another set of stochastic processes (observable signals)
through which the Markov chain can be indirectly observed. We will first illustrate
this abstract concept with some simple coin toss experiments largely inspired by [25],
and then extend the ideas to a slightly more complicated ball and urn model.



2.2.1 A hidden coin toss experiment

To understand the concept of HMMs, consider the following situation. Suppose
you are in a room that is separated in two by a curtain. On the other side of the
curtain, hidden from view, a coin tossing experiment is being performed. Because
of the curtain, the exact nature of the experiment is unknown, but at regular time
intervals the results are called out to you. A possible sequence of “observations” on
your side of the curtain would look like

O = 0,0505 - Or
= THH---T

where H stands for “heads” and T stands for “tails”.

The question now is, how to build a model that best explains the observed
sequence of heads and tails? The first problem is deciding which part of the real-
world process you want to describe through the hidden Markov chain states, and
how many of these states are needed. Secondly, the observable stochastic process
needs to be defined.

For the purpose of this discussion we will make things a little more interesting
and skip the easiest explanation, namely that the person on the other side of the
curtain is simply tossing a single coin and calling out the result to you. A simple
model for explaining the sequence of coin tosses is given in figure 2.1. We will call
it the “2 fair coins” model.

0.5 0.5
0.5
0.5
P(H)=05 P(H)=05
P(T)=05 P(T)=05

Figure 2.1: “2 fair coin” model

It consists of two states. Each state corresponds to a different coin being tossed.
The observable signal in each state is the result of this coin toss, which makes the
observable process stochastic. The state transitions between the different coins could
in turn be described by another coin toss, independent of the first two. Each face
of this third coin is associated with one of the coins corresponding to the states.
Note that because of the fairness of all coins, the complete process is statistically no
different from a single, completely observable, fair coin toss experiment.

A second possible model (figure 2.2) is a slight generalization of the first, the only
difference with the previous example being the bias of the two coins corresponding
to the states. It is called the “2 biased coins” model. Note that, because of the
specific choice of the bias of these two coins, the long term statistical behavior is



still no different from a single, completely observable, fair coin toss experiment.
The introduction of two different, biased coins does however present us with new
possibilities to explain more complex statistical behavior of the observation sequence.

0.5 0.5

0.5

0.5
P(H)=0.75 P(H)=0.25
P(T)=025 P(T)=0.75

Figure 2.2: “2 biased coins” model

The third and final coin toss example we will present here is called the “3 biased
coins” model (figure 2.3). It consists of three states, each corresponding to a different
biased coin. The first coin is slightly biased towards “heads”, the second is strongly
biased towards “tails”, and the third is slightly biased towards “tails”. In this model,
the behavior of the observation sequence depends strongly on the state transition
probabilities. Consider for example the cases where the probability of staying in the
second state is very large (Pa2 > 0.95) or very small (P < 0.05). Very different
long term statistics will arise from these two extremes.

State 1 2 3
P(H) 0.6 025 0.45

P(T) 04 075 055

Figure 2.3: “3 biased coins” model

Summarizing, the above examples show that one of the main challenges of build-
ing a HMM is deciding on the number of states in the model. Typically, deciding on
the value of this parameter will depend largely on the modeling problem at hand,
careful study of any available observation data, and maybe some trial and error. On
top of this, the size of the observation sequence also plays a major role. The larger



the model is, the more unknown parameters it has. If the observation sequence is
too small compared to the number of unknown parameters, it becomes impossible
to reliably estimate all these parameters, and any resulting HMMSs of different sizes
may not be statistically different.

2.2.2 A ball and urn model

To fix ideas, we will extend the ideas presented in the coin toss experiments to a
slightly more complicated ball and urn model. Consider the following situation. A
room contains a number of urns. Each urn contains a large amount of different
colored balls. According to some unknown random process an urn is chosen at
regular intervals. When an urn is selected, a ball from this urn is selected. The
color of this ball is recorded as the observation and the ball is then replaced in its
original urn. The process is repeated until some finite observation sequence of colors
is generated.

We would like to model the observation sequence as the observable output of a
HMM. A natural choice is to let the number of urns correspond to the states of the
hidden Markov chain. The random process through which the urns are chosen is
modeled as the transition probability matrix of the Markov chain. The distribution
of the observed colors is modeled through a set of discrete observation distributions,
one for each urn. The remaining problem then consists of estimating the parameters
of both the transition probability matrix and the observation probability distribu-
tions.

2.3 A general hidden Markov model

This section will describe the basic elements of a general HMM. All examples treated
in the previous section contained a discrete observation process. First we formally
define the model notation for such discrete observation HMMs. We will go into the
structure of the underlying Markov chain and its implications for the model. Lastly,
we will say something about the distribution of the observable signals and extend
the model notation to the continuous case.

2.3.1 Definitions and notation

A basic, discrete HMM is characterized by five elements, namely

1. A finite number of unobservable states N. Each state can broadcast an ob-
servable signal that possesses some measurable, distinctive properties. The
individual states are elements of the state space S = {q1,q2,...,qn}, and the
state at time t is denoted as X;.

2. The state transition probability matrix A = {a;;}, where
aij =P (X1 =¢qj|Xe =¢;), 1<4,j<N. (2.1)

10



5.

That is, a transition to a new state only depends on the current state (the
Markov property). Furthermore, the transition probabilities are independent
of the time ¢ (the process is stationary). If it is possible to go from one state
to another in a single step, we have that a;; > 0. Otherwise a;; = 0. Note
that the rows of the matrix should sum up to one:

N
E CLij =1.
j=1

. The number of distinct observable signals M. For the coin toss experiments

these signals were simply “heads” and “tails”. For the ball and urn model, M
is the total number of distinct colors. The individual signals are denoted as
V = {v1,va,...,vp}, and the signal at time ¢ is denoted as O;.

. The distribution of the observable signals in state j, B = {b;(k)}, where

bj(k) =P (Or=v| Xy =¢5), 1<j <N, 1<k<M. (2.2)

Again we assume that the process is stationary, i.e. B is independent of the
time ¢.

The initial state distribution # = {m;}, where

v 2:P(X1:qi), 1§Z§N (23)

At each clock time 1 < t < T, a new state is entered based upon the transition
probability matrix A. This state then generates some observable signal. From the
above model, a sequence of these observations O = 0105 - - - Op is generated in the
following way:

1
2
3
4

5

. Generate an initial state X; = ¢;, using the initial state distribution .

. Set t =1.

. Generate O; = vy, using the distribution of observable signals in state ¢;, b; (k).
. Transit to a new state X;,1 = ¢;, using the transition probability matrix A.

.Sett=t+1. If t <T, return to step 3, otherwise terminate the procedure.

Summarizing, we note that a complete definition of a HMM requires specification
of the three probability distributions A, B and w (and implicitly the dimensions M

and

N). For the sake of convenience, we will henceforth use the compact notation

A= (A,B,m)

to represent a HMM.

11



2.3.2 The underlying Markov chain

In section 2.2 we discussed some examples of simple HMMs. In all of the underlying
Markov chains of these examples every state could be reached in a single step from
any other state. A model of this type has the property that all elements of the
transition probability matrix A are strictly positive. These kinds of Markov chains
are also called ergodic.

Other architectures are also possible. Here we would like to discuss one particular
alternative in more detail, namely the left-to-right model. It is called a left-to-right
model because as time increases, the state index does not decrease, i.e. the states
proceed from left to right. Architectures like these impose a temporal order to a
HMM, since states with a lower index number are linked to observations occurring
prior to those that are linked to states with a higher index. For this reason, in speech
recognition often left-to-right Markov chains are used [24] [10, p. 33] [6, p. 614].

The transition probability matrix of a left-to-right model has the property that

aij:O, 7 <1,

i.e. A has an upper triangular form. Furthermore, since the sequence must begin
in state 1 the initial state distribution is of the form

1, i=1
T, = .
0, +#1
Additionally, you might want to place extra constraints on the state transitions
to make sure that large jumps in the state index do not occur. Such a constraint

might be of the form
ajj = 0, j>i+A.

So if for example A has value 2, jumps of more than two states are not possible. See
figure 2.4 for a schematic representation of this example.

Figure 2.4: Four state left-to-right Markov chain with A = 2

Left-to-right models have another useful quality. Where an ergodic chain will
produce an infinitely long output sequence of states, a left-to-right model will only
generate a sequence of finite, random length. This is true since at each clock time,
the probability that the state index increases is positive. This means that the time
until arrival at a state with a greater index has a geometric distribution with finite
mean. The benefit of having a random length output sequence is that it will provide
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some robustness to local stretching and compression of the time axis. In the case of
speech recognition, this stretching and compression is associated with variations in
the speed of the speech. A left-to-right model will to some extent be able to handle
these distortions by inserting extra transitions from a state to itself.

2.3.3 Distribution of the observable signals

Earlier in this section, when we described a general HMM, we limited ourselves to
a discrete distribution of the observable signals. However, in many applications the
observation signals are continuous. This is also the case for our activity monitor,
which makes use of continuous motion sensor data. Luckily, the extension to a
continuous distribution is readily made.

In a continuous observation model, the b;(k) are replaced by a continuous density
bj(x) (1 < j < N, one for every state in the Markov chain), where x is some
observation vector that is being modeled. The most general probability density
function, for which a re-estimation procedure has been formulated, is a finite mixture
of the form

M;
bj(x) = Y cimMX|pjm, Ujm]. (2.4)
m=1

Here c¢jp, is the mixture coefficient for the mth mixture in state j. N is any log-
concave or elliptically symmetric density (e.g. a Gaussian density), with mean vector
M jm and covariance matrix Uy, for the mth mixture in state j. The mixture weights
satisfy

ijzl, 1§j§N

M=

¢im >0, 1<j<N, 1<m<M

so that the probability density function is properly normalized, i.e.

/ bij(x)dx =1, 1<j<N.

—00

See figure 2.5 for an example of a (Gaussian) mixture distribution. A probability
density function such as (2.4) can be used to approximate, arbitrarily close, any
finite, continuous density function. This makes it suitable to be applied to a wide
range of problems. The simplest example of a distribution like this, is a single
component Gaussian distribution.

It turns out that it is possible to show that a HMM X consisting of IV states,
where each state is described by a Gaussian mixture distribution, is (probabilisti-
cally) equivalent to another HMM X where each state is described by only a single
Gaussian. Before we can prove this, we need some additional theory that will be
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Figure 2.5: Density of a mixture of three normal distributions (u = {5,10,15},
o = 2) with equal weights. Each component is shown as a weighted density (each
integrating to 1/3) [30]

described in the remainder of this chapter. For the proof, see Appendix A. The
main reason that we mention mixture distributions, is that most of the literature on
HMMs seems to omit this equivalence result. We will not use mixture distributions
in this research.

2.4 Estimating the model parameters

Up to this point, we have described the most important elements that make up a
general HMM. Before we can use the HMM in real world applications, three key
problems have to be solved. These problems are the following.

Problem 1: Given an observation vector O = 0105 ---Op and a model \ =
(A,B, ), how to efficiently compute the probability P (O|\) that
this observation vector was generated by the model?

This is the evaluation problem. It can also be viewed as the problem of scoring how
well a given model matches a given observation. The solution allows you to choose
the best match among competing models.

Problem 2: Given an observation vector O = 010s---Opr and a model \ =
(A,B,7), how to choose a corresponding underlying hidden state
sequence X = X1Xs--- X that best explains the observations?

This problem is about uncovering the hidden part of the model. There is no “correct”
solution to this problem. The best we can do is use some optimality criterion to find
the hidden state sequence that is most likely to have generated a given observation.
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Problem 3: How to adjust the model parameters A\ = (A,B,7) to maximize
P (O|)) for given data O?

This is the learning problem. It can be viewed as training a model to best fit
the observed data. The observation sequence used to adjust (“train”) the model
parameters is called a training sequence.

Figure 2.6 gives a schematic overview of why it is necessary to solve these prob-
lems and how the solutions to these three problems are applied to the classification

process.
Test data
Training s A s
q Training |— Recognition Results
ata

X X

. Solutions to Solution to :

Eproblems 1 and: problem 2

L 3 ______________ et :
Figure 2.6: The training process alternates between applying the solutions to prob-
lem 1 and 3; to score how well a model fits the training data, and to update the
parameters until some level of optimality is reached. The fully trained model then
uses the solution to problem 2 to classify independent test data.

2.4.1 Solution to problem 1
Let A = (A, B, m) be a given model, let O = 0103 - - - O be an observation sequence,

and let X = X71X5--- X7 be a state sequence. By the definition of the distributions
A, B and m, we have

P (X’)‘) =TX10X1,X00X0, X3 """ AXp_1, X
P(O|X,\) = bx,(01)bx,(02) - - - bx,.(Or)
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We are interested in finding P (O|\). A direct approach to compute this quantity
would be to sum over all possible state sequences X

P(O|N) =) P(O,X|))
X
= P(O|X,\) P (X))
X
= mx,bx, (01)ax, x,bx,(02) - axp_, x2bxy (Or).

X

Here the first step makes use of conditional probability. However, since there are N©
possible state sequences, this approach would require (27°—1)N” multiplications and
NT —1 additions and is therefore computationally infeasible. Clearly a more efficient
procedure is required. Such a procedure exists and is called the Forward-Backward
algorithm [24].

The Forward-Backward algorithm

Let O' = (04, ..., 0;) be the observation sequence until time ¢. For 1 <t < T and
1 < j < N, define the forward variable in the following way:

a(j) == P (OY, X, = g;|N) . (2.5)
Now, omitting the A\’s for the sake of brevity, and using conditional probability:

Oét(]) =P (Ol:til)OtJXt = QJ)

P (Ol:t_17Xt—1 = Qi7Xt = g, Ot)

Il
.MZ

.
Il
—

|
.MZ

.
Il
—

P(X;=q;, 00" 1 Xy 1 = ¢q;) - POV Xy = ;)

I
,MZ

s
I
_.

P (X = qj, 0| 0" 1 X1 = ¢;) au—1(d)

Il
.MZ

.
I
—

P (X =q;,0¢ X1 = q;) a4—1(3)

|
.MZ

ZH

aijb;(Or)ar—1(7)

= [Z ar—1()ag;
i=1

See figure 2.7 for an illustration of the calculation of the forward variables.
So, for all ¢, the a;(j) can be computed recursively:

bj (Or)
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Figure 2.7: To calculate the value of the forward variable at time ¢ + 1, you only
need the values of the forward variables for all states at time ¢.

1. Initial step:
o () = m;bj(01), 1<j<N

2. For1<t<T—-1,and1<j <N

bj(Or41)

N
a1(f) = [Z (1) ai;
i=1

3. Termination. From the definition of «;(t), we find

N
PO =3 ar())
j=1

To calculate P (O|\) we need N(N + 1)(T — 1) + N ~ N?T multiplications and
N(N —1)(T — 1) + N additions. In other words, using the forward algorithm has
an enormous computational advantage over the direct approach as described above.

Let O = (O441,...,0r) be the observation sequence from time ¢ + 1 until
time 7T'. Then in similar fashion, we can also define a backward variable:

Bi(i) == P (0" | Xy = ¢;,\) . (2.6)

17



Again omitting the \’s and using conditional probability:

Bi(i) =) P (O T|X, = g, Xo1 = qj) P (Xey1 = ¢| Xe = @1)

NE

.
Il
—

P (OH_LT‘Xt_H _ qj) aij

I
WE

<.
Il
—

P (Ot+1\Xt+1 = %’) -P (Ot+2:T\Ot+1,Xt+1 = Qj) Aij

[
WE

<.
Il
-

bj(Ot_H)P (Ot+2:T|Xt+1 = Qj) Qij

<
Il
—_

I
.MZ

aijbj (Ot+1)ﬁt+l (])

I
WE

<.
I
—

See figure 2.8 for an illustration of the calculation of the backward variables.

B () Bet+1(7)
q1
q2

8
= qi
7]
qN
t t+1
time
—_—

Figure 2.8: To calculate the value of the backward variable at time ¢, you only need
the values of the forward variables for all states at time ¢ + 1.

So the B;(i) can then also be computed recursively:

1. Initial step:
Br(i)=1, 1<i<N

2. Fort=T-1,T—-2,....,1,and 1 <7< N

N

ﬁt(i) = Z aijbj(0t+1)/6t+1(j)

=1
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3. Termination.

P(O‘)\) = P(O‘Xl = qi,)\) iy

M-

&
Il
—_

I
M=

P(01|X1 = qi,)\)P (OQ:T‘Ol,Xl = qi,)\) T
1

-.
Il

[
E

bi(01)P (0% X1 = g, A) m;
1

.
I

I
.MZ

@
I
—

bi(O1)B1 (i)

The computational cost of using the backward algorithm is comparable to that of
the forward algorithm.
It is possible to combine both these approaches:

PO, X =q;|\) =P (o“axk - qj\A) P (0’“”;01:’2 Xy, = g5, )\)
= P (0", Xp = g;[A) P (171X, = g5, 1)
= o (7)Br(4)

and hence

N
P(O[)) = Zaw)ﬁk(j)- (2.7)

2.4.2 Solution to problem 2

For the solution to problem 2, [28, p. 261-263] proved very helpful. Let O =
0104 - - - O be an observation sequence. Given this data we want to find the state
sequence that best explains the observation. What exactly this best explanation is,
depends on what we are trying to accomplish.

Individually most likely states

If the objective is to maximize the number of individually most likely states, we
need to compute

argmaXP(XtZQj|Ov)‘)7 1<j<N,
J

for all clock times 1 < ¢t < T. To do so, we use conditional probability and the
forward and backward variables as defined in the previous subsection. For 1 <t < T
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and 1 < j < N, define

Y(j) =P (X¢ = QJ|07 A) (2.8)
_ P(Xy=¢;,0|\)
P(O[))
_a(§)Bi()
PAGEAON

So, the optimal predictors at time ¢ of the index of the state i and the most likely
state X itself are then given by

iy = argmjax*yt(j)

_ argmax o (5)Be(5)
i Do ou(i)B(i)
Xi = (2.10)

(2.9)

A downside of considering only the individually most likely states, is that the
obtained optimal state sequence might allow for impossible state transitions if a;; = 0
for some individually optimal ¢, j. It simply provides us with the most likely state
at each clock time without regard to network structure, neighboring states or the
length of the observation sequence.

Viterbi algorithm

Alternatively, we can regard the sequence of states as a single entity. The objective
is now, given some observation sequence, to choose the sequence of states (path)
whose conditional probability as a whole is maximal. The algorithm that solves
this problem is called the Viterbi algorithm. Let X = (X1,...,X;) be the vector
representation of the first ¢ states, and let O = (Oy,...,O;) be the observation
sequence until time t. The problem of interest is to find the sequence of states
X1,...,X; that maximizes P (X1:t|(’)1:t, )\). Since

P (Xlzt’ Ol:t|)\)

P (Xl:t’(/)l:t7)\) — P(Olt‘)\)

and P (C’)UM) only depends on the model parameters (see previous section), this
maximization problem is equivalent to finding the sequence of states X1, ..., X; that
maximizes P (X, O1|)). For the sake of brevity, we will omit the A term when
denoting these probabilities.

Given an observation sequence, then for each intermediate and terminating state
of the hidden Markov chain, there is a most probable path to that state. We will call
these paths partial best paths. Each of these partial best paths has an associated
probability which we will call 6. We define §;(j) to be the probability associated
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with the partial best path ending at state g; at time ¢. Formally:
S\ 1:t—1 _ 1:t

For t = 1, the most probable path to a state does not sensibly exist; there are no
preceding states. However, we can use the probability of being in that state given
t = 1 and the observed signal O:

61(j) = P (X1 =4,01)
= mjb;(O1)
Recall that the Markov property says that the probability of transitioning to
the next state, given a sequence of the previous states, depends only on the current

state. The probability of the most probable path to state X; can now be recursively
calculated in the following way:

5t(]) — ‘)?}:?‘3{1 [P (Xl:t_l,Xt = qj, Ol:t)}

= max [max P (X”’_Q,Xt,l = qi, Xt = qj, o1, Ot)}

i |a1t-2

i xlit—2

= max [max (X“”,Xt_l = qj, Ol:tfl)

P (Xy = qj, O X"72 X4y = ¢, OV ]

) Xl:it—2

= max [max P (XU_Q,Xt,l = qi, (91”5_1) P (X =qj,0 X1 = ql)}

= max [P (Xt =¢4,0¢X¢—1 = ¢;) - max P (X1:t72,Xt_1 =g, Ol:tl):|
3

Xl:it—2

= max [a;61-1(2)] b (Or)

So, to calculate d.(+), we only need d;_; (i) for all states 1 < ¢ < N. Having calculated
these probabilities, it is possible to record which preceding state was the one to
generate 0;(i), i.e. in which state the process must have been at time ¢ — 1 if it is
to arrive optimally at state g; at time ¢. To keep track of the states that maximize
the ¢’s, define

U, (j) = arg max [0—1(7)as] - (2.12)

The ¥’s answer the question “if I am here, by what path is it most likely I arrived?”.
Summarizing, the complete Viterbi algorithm now looks like this:

1. Initialization:
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2. Recursion:

1) = V)i <t < ]
Wy(j) = arg 1211,?}\7 [6:—1(7)as] , 2<t<T, 1<j<N

3. Termination:
P = or (1
12?1{\/[ (@)

ip = arg max [or(7)]

X7 = ai,

4. Path backtracking:

i =W (i), t=T—-1,T-2.. 1
X = qr

Here P* is the total probability of the most likely path given some observation
sequence O, iy is the index of the most likely state at time ¢, and X[ is the most
likely state at time ¢ of the most likely path.

2.4.3 Solution to problem 3

The third problem is to adjust the parameters (A, B, ) of a HMM A to best fit an
observation sequence O. Formally:

A = arg m)z\axP (O[N)

There is no known way to analytically solve for such a A. In fact, given any finite
observation sequence, there is no optimal way of estimating the model parameters
[24]. However, it is possible to use an iterative procedure called the Baum-Welch
re-estimation algorithm to find a local maximum for P (O|\).

Given some model A and an observation sequence O, define &(i,7) to be the
probability of being in state ¢; at time ¢, and state g; at time ¢ + 1:
ft(%]) =P (Xt = {4, Xt-‘rl = q]‘oa A) (213)

Using conditional probability, & (i, j) can be expressed in terms of the forward and
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backward variables:

P(Xt = quXt-i-l = QJv O|A)

(i, 5) = PO\

P (Xi = qi, Xep1 = 5, OV, OET|X)

P(O[N)
P (X1 = g5, O Xy = g3, OV X) - P (X = i, OV'|))

P(O[N)
P (X1 =5, Opy1, OP#T Xy = 3, OV, N) - P (X = i, O'|N)
P(O[N)

= P((ZM) [P (O"*T)Xy = g;, X111 = q;, O, 0141, \)

P (Xps1 = g5, 01| Xy = ¢;, OF ) N) - P (X = q;, OF'|A) ]
= P((19|)\) [P (02T Xy 41 = g, A) - P (Xpg1 = g5, Opy1| Xy = ¢, \)

P (Xy = q;, O¥'|\)]

Ot (i)aijbj (Ot-‘,—l)ﬁt—f—l (])
P (O]N)

Here the forward variable a4 (i) accounts for the first ¢ observations, ending at state
¢; at time t. The term a;;b;(O41) accounts for the transition to state g; at time
t+1 along with the observation of signal O ;. Lastly, the backward variable 5;41(j)
accounts for the remainder of the observation sequence.

Recall that in equation (2.8) we defined

~¢(7) can be related to & (7, j) by summing over j:
N
(i) =Y &li, 4).
j=1

Define a counting variable

L, Xi=gq
It = .
0, otherwise.
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Then
[E [# visits to state ¢;] = E [# transitions from state g;]
T—1
=E [Z It]
t=1
T-1

> E[L]

o
I
—_

~
-

Ve (1)
1

~+~
I

Similarly,
T-1
[E [# transitions from state ¢; to state ¢;] = Z &(iy7)
t=1

We now have the building blocks to write down the re-estimation formulas. The
formula for the initial distribution is simply the probability of being in state g; at
time ¢ = 1:

ﬁi:’yl(i), 1 §Z§N (2.14)

The re-estimation formula for a;; is the expected number of transitions from ¢; to
g;j divided by the expected total number of transitions out of ¢;:

T— ..
P Zt:ll gt(%])
@ij = T-1 N
>i=1 ()
The re-estimation formula for a discrete signal distribution b;(k) is the expected

number of visits to state g; where £ is the observed signal, divided by the expected
total number of visits to state g;:

1<ij<N. (2.15)

SN D )

bi(k) Lt 1<j<N1<j<M (2.16)
D =1 4(4)

where

If = {1’ Or = v

0, otherwise.

For a continuous, Gaussian signal distribution b;(x), i.e. each state output is a single
component Gaussian, the means and variances of the HMM need to be re-estimated.
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If a HMM consists of just one state, the re-estimation would be easy. The estimators
of p and X would just be the averages:

1 T
=50
t=1
R
X=r > (0= ) (O — )"

~
—_

In practice, there usually are multiple states and because the underlying state se-
quence is unknown there is no direct assignment of observation vectors to individual
states. The solution is to assign each observation to every state in proportion to the
probability of the model being in a certain state at a certain time. Let v;(j) again
denote the probability of being in state j at time ¢, the re-estimation formulas then
become the following weighted averages:

- 2 n(§)0:
= S5 (2.17)
o _ L WO =) —p)"

J )
One can check that all of the above estimators are the Maximum Likelihood

Estimators (MLEs), see for example [6]. The complete iterative procedure is now as
follows:

(2.18)

1. Initialization of the model A = (A, B, ).

2. Re-estimation. Compute A, B and # and define an adjusted model A =
(A,B, 7).

3. If P(O|X) > P (O|)), set A = X and return to step 1. Repeat until a limiting
point is reached.
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Chapter 3

Modeling activities through
HMMs

3.1 Introduction

As mentioned earlier, HMMs were first successfully applied in the field of speech
recognition. HMMs are a suitable modeling choice because they are able to incor-
porate the sequential quality of speech. Typical daily human activities share this
sequential quality. For example, in the same way words are divided into phonemes,
activities can be separated into a number of distinct parts.

The first section of this chapter is about the experimental data set we perform
our experiments on. Here we go into the details of the acquisition of kinematic data,
which includes a description of the sensors, the locations where they are placed,
how many are needed and the type of data that is recorded. This is followed by a
section on the application of HMMs to physical activities and a discussion of the
initialization of the HMM parameters and the training and testing processes of the
classifier. The final section is about the software implementation of the algorithms
described in the previous chapter.

3.2 Experimental data

For our experiments, we consider a data set consisting of a series of lifting activities.
The eight activities in this data set are 'walking’ (1), ’standing still’ (2) (standing
upright with feet centered), ’sitting’ (3), lifting an object by ’stooping’ (4) (bending
without using your knees) or ’squatting’ (5) (bending using your knees), lifting an
object positioned to the 'right’ (6) or to the ’left’ (7), and putting the object "down’
again (8). The typical order in which these activities are carried out would for
example be: 'walking’ to an object, ’standing still’, picking up the object using one
of the lifting techniques, 'standing still’ again, 'walking’ somewhere else and putting
the object down’.
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3.2.1 Data acquisition and processing

For the recording of data we use MTw motion tracking sensors [17], developed by
the Enschede based company Xsens [8]. These sensors record three-dimensional an-
gular velocity, acceleration and magnetic field data. A sensor cannot be placed in
the exact same spot every time. Because of this, and to make the data comparable
to data recorded by other sensors placed on the subject, some segment calibration
measurements are performed. These calibration measurement are needed to deter-
mine the orientation of each sensor worn by a subject, and are used to rotate the
sensor coordinate systems to a universal coordinate system. See figure 3.1 for a
schematic representation of this process.

Zseg

Yseg

Figure 3.1: The dashed arrows represent the sensor orientation on the subject, and
the solid arrows represent the segment orientation in the universal coordinate system.

The sensors are wireless and weigh approximately 27 grams, so they can be worn
easily and unobtrusively by any subject. We want the sensor configuration to be
minimal for the subject: as few sensors as possible, positioned as unobtrusively as
possible. In the previous RRD study with patients with DMD [44], sensors were
placed on the trunk, the head, the lower and upper dominant arm and the dominant
hand. For the subject it would be much better if we could lose the sensor positioned
on the head.

The recorded data is cleaned up and low pass filtered. The cut off frequency of
the low pass filter for the acceleration data is 7 Hz, the cut off frequency for the
gyroscopic data is 5 Hz. The filtering is performed to obtain a more smooth signal
in order to apply down sampling. The resulting signal has a frequency of 25 Hz. The
reason to perform down sampling is human movement cannot exceed a frequency of
~ 7 Hz.
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3.3 Application of HMMs

It is possible to observe human activities as a sequence of smaller, basic movements.
For a specific activity, the order of these basic movements is always the same. For
example, the activity 'picking up an object’ can be split into a sequence of five
separate actions, namely (1) a downward acceleration; (2) a downward deceleration;
(3) no movement; (4) an upward acceleration; and finally (5) an upward deceleration.

To understand a typical human activity in terms of a HMM, we will start with
the hidden Markov chain and what it should represent. As a starting point, and to
impose a temporal order to the model, we choose for a left-to-right architecture, with
delta equal to 1 (see also 2.3.2). We let each state in this representation correspond
to one of the basic movements of an activity. For the activity ’picking up an object’
as described above, the number of states then will be five. Because of the chosen
architecture each of these states must be visited, which also means that it is not
possible to skip any of the basic movements of the activity. With this we have enough
information to implicitly define the transition probability matrix A. It should be an
upper triangular matrix with all elements equal to zero, except those on and directly
above the diagonal.

The second model parameter, namely the initial state distribution, is easy for
the chosen Markov chain architecture. Since we are only considering left-to-right
models, all chains must start from the left-most state. This means that the initial
distribution will be of the form = = {1,0,...,0}.

The third model parameter is the signal probability distribution in each state.
We have assumed that a state corresponds to a small, basic movement, which is
characterized by the data being stationary in some sense (e.g. downward acceleration
or no movement at all). In the theoretical ideal case, where specific human activities
are always performed in the exact same way, and any resulting recorded data is very
‘clean’, it would be possible to observe these stationary parts across all parallel data
channels. The resulting sequence of these stationary parts then makes up a complete
activity.

To some extent it is indeed possible to observe these stationary parts in real life
measurements. See for example figure 3.2. To account for noise in the signal and
variation between different examples of the same activity, we model each state by a
normal distribution with mean p and covariance matrix . Data points can then be
probabilistically matched to whatever state was most likely to have generated them.
We now have covered all parameters A = (A, B, m) that make up a HMM. For each
activity that needs to be classified, a separate HMM needs to be defined. The total
of these activities make up our dictionary.

3.3.1 Initialization

Before the training algorithms can be applied, the HMM parameters need to be
initialized. The initial distribution 7 is always of the form {1,0,...,0} as described
above. For the initialization of the transition probability matrix the only thing that
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Figure 3.2: An example of an accelerometer data channel of a subject performing a
squat’. The sensor was positioned on the spine. It is possible to observe stationary
parts within the time series.

is important is that all illegal state transitions have probability zero. The nonzero
elements can be given any positive value between zero and one, the only constraint
is that each row of the matrix should sum up to one.

For the initialization of the signal probability distribution the values of p and
> need to be specified. In contrast to the matrix A, here the initial values play
a more important role because they determine the initial location of the hidden
Markov chain states within the state space. Since the Baum-Welch algorithm is a
local optimizer, and since it is as of yet unknown to us how 'mountainous’ the space
is where Baum-Welch operates, a smart choice of the initial values of p and ¥ seems
essential.

However, for our preliminary testing, we will provide all HMMs with a ’flat’
start. All u; and ¥; will be given the value of the mean and variance of the complete
training dataset. We will return to this question in chapter 5 and address it in more
detail.

3.3.2 Training and testing

To train the HMMs, we need to provide a set of training data. This training set
consists of a sequence of manually labeled examples of each of the activities from the
dictionary. The activities are recorded in a random order, to make sure the classifier
is not trained to recognize them in a certain order.

Each example of a certain activity is used to train the corresponding HMM
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through application of the iterative Baum-Welch algorithm (see section 2.4.3). An
open question is how often to iterate it. If a HMM goes through too many iterations,
it may adjust to very specific random features of the training data, that have little
or nothing to do with the target activity. When the model overfits the data, the
performance on the training examples may still increases while at the same time
the performance on unseen data becomes worse. For the case of speech recognition,
the HTK manual [43] suggests that five iterations should be sufficient. Compared
to speech, our data is of a higher dimension, so maybe a few more iterations will be
needed.

The trained models can now be provided with an independent test data set. The
test data set again consists of a sequence of randomly ordered activities. The Viterbi
algorithm (see section 2.4.2) is applied to transcribe the data.

3.4 Software implementation

All the above algorithms and functionalities are implemented using the Hidden
Markov Toolkit software package (HTK 3.4), which was developed at the Machine
Intelligence Laboratory of the Cambridge University Engineering Department [1].
The toolkit is designed to run with a traditional command-line style interface. At
RRD a shell was built around the HTK tools in a Labview environment. This was
done to increase the user-friendliness of the software and make it possible to run
large automated batches of train-and-test sessions with varying parameters.

An important aspect of the implementation that needs to be addressed here is the
handling of probabilities. Both the Baum-Welch algorithm (through the Forward-
Backward calculations) and the Viterbi algorithm need to calculate long products
of probabilities. These products tend to zero exponentially fast, so there is the
risk of numerical underflow. To avoid this problem, we use the logarithm of the
probabilities instead. This means that all products of probabilities are transformed
into sums.

3.4.1 HERest training tool

The training procedure is carried out by the HTK tool called HERest, which applies
the Baum-Welch algorithm. HERest requires a transcripted sequence of continuous
activities as its input. It concatenates all the HMMs corresponding to the training
sequence to construct a single composite HMM. The training examples of the various
activities are processed to re-estimate all parameters of each individual HMM within
the composite HMM. In this process, the transcriptions are only used to identify the
sequence of activities; it is not necessary to include the start and end times of
individual activities.

As mentioned in section 3.3.1, all HMMs are initialized through a flat start: each
hidden Markov state is assigned the values of the global mean and variance of the
complete training data set. Note that the dimension of both the mean and variance
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is determined by the number of input data channels, and hence we consider the
values of the global mean and variance per data channel. The flat start procedure
implies that during the first re-estimation cycle, each training example of an activity
will be uniformly segmented. The hope then is that enough hidden Markov states
align with their actual realizations (i.e. the smaller basic movements that make up
activities), so that after the subsequent training iterations the HMMs align to the
training data as intended. Prior studies suggest that this is indeed what happens.

3.4.2 HVite recognition tool

The classification process is handled by the HTK tool HVite. The recognition of a
single activity can be achieved through straightforward application of the Viterbi al-
gorithm as described in the chapter on HMMs. In theory this would work as follows.
Recall again that for each activity a separate HMM is defined. For each of these
HMDMs the total probability that some observed data sequence was generated by one
of these HMMSs can be calculated through application of the Viterbi algorithm. The
most likely HMM then must have been the one to have generated the observation
and the classification is complete.

In practice however, test data will consist of a sequence of unknown activities,
the start and end times of which are also unknown. HVite extends the Viterbi
algorithm in the following way to handle sequential activity recognition [42]. All
separate activity HMMs are connected in a looped composite model (see figure 3.3).
It is again possible to apply the Viterbi algorithm to this model to calculate the
most likely sequence of states through the composite network. The difference is
that it now also operates on a macro (whole activities) level instead of just on a
micro (hidden Markov state) level. The output of the HVite function is the most
likely sequence of activities, including activity boundary information and the total
log probability for each recognized activity.

Another internal HTK parameter that influences the recognition, is the word
insertion penalty p. This parameter p influences the number of expected activities
within an activity sequence by adding an offset to the log probability of a possible
classified activity. A larger value of p means that you expect a smaller number of
activities, which will result in less false positives, i.e. recognizing something where
there is nothing to recognize. At the same time, a larger penalty also means that the
number of false negatives, i.e. missing an activity, will increase. Within the Labview
environment, some automated testing is performed to find the optimal value of the
word insertion penalty. Optimal here means that the total number of errors is as
small as possible.

3.4.3 HResults evaluation tool

The HTK tool HResults analyzes the performance of generated HMMs. It reads
in the transcription generated by HVite and compares it with the corresponding
reference transcription of the test data. The classifier can make three types of
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HMM 1

HMM 2

HMM M

Figure 3.3: Given an unknown sequence of activity data, HVite connects all the
HMMs in the dictionary in a looped composite model and calculates the path
through the network that is most likely to have generated the data.

mistakes. It could recognize the wrong activity, which we will call a substitution
error S. Also, it could miss an activity, which we will call a false negative or deletion
error D. Lastly, it could recognize an activity where there is nothing to classify,
which we will call a false positive or insertion error I.

The last error type is usually the worst. If the software classifies some activity,
you want to be as certain as possible that there actually was something to classify.
If the number of insertion errors becomes too large, it can make you doubt all your
results. In case of a substitution error, at least you are certain that there is an
actual activity to classify. In case of deletion error, you are missing an activity but
the accuracy of the other results does not decrease. This is why we think avoiding
insertion errors is the most important.

HResults uses the following output statistics:

N-—-D —
Correctness = TS -100%
N-D-S-1
Accuracy = N -100%,

Where N is the total number of activities in the test data set. Note that theoretically
the Accuracy could become negative, but in some cases this number might be a more
representative measure of the performance of the recognizer than the correctness.

3.4.4 HTK flowchart

A schematic representation of the HTK software implementation is given in figure
3.4. Compare also with the flowchart presented in figure 2.6.
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Figure 3.4: The training of the HMMs is carried out by HERest. Recognition of
independent test data is performed by HVite. The results are evaluated by HResults.
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Chapter 4

Data preprocessing

4.1 Introduction

To make the training process more efficient and to improve the classification results
of the HMM-based classifier, we apply preprocessing to optimize the data that go
into the model. Optimizing data means maximizing the amount of information and
minimizing the amount of redundant data (noise) they contain. A previous study [31]
also looked into this problem and considered several preprocessing techniques. The
most promising of these techniques is Principal Components Analysis (henceforth
PCA).

Other studies also combined HMMs with PCA. See for example [27] on face
recognition or [37] on handwriting recognition. More relevant to our problem are for
example [3] and [9], who applied PCA on motion data before training the HMMs.
In this chapter we will explain the theory of principal components analysis, discuss
its limitations and investigate its applicability to our problem.

4.2 Goals of data optimization

First we need to define what maximizing the amount of information and minimizing
the amount of redundancy and noise exactly means. When constructing a HMM
to optimally describe a certain activity, it is difficult to know beforehand which
elements of that activity best capture its essence and need to be represented in
the HMM. In this discussion, we will consider processed data that leads to better
classification results to be more optimal data.

With each extra sensor a subject wears, six extra channels of data are recorded.
While extra data may increase the ability of the classifier to differentiate between
different activities, there is a tradeoff. Too much channels may result in poorer
classification accuracy because more data also brings along more redundancy and
noise. On top of this, extra data channels result in greater overall computation time
in the training and testing phases. What is needed is a way to manage the complete
recorded data set.
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An important aspect of data optimization is dimensionality reduction. Not all of
the recorded channels will contain the same amount of information. Dimensionality
reduction is the process of reducing the number of variables under consideration,
while preserving as much essential information as possible.

4.3 Theory of PCA

Principal Components Analysis (henceforth PCA) combines all of the aspects de-
scribed in the previous paragraph. The idea of PCA is as follows. Imagine recording
in three dimensions the motion of a ball hanging from a spring (example inspired
by [29]). Most likely, the largest part of the variation in the recorded data will be
in the direction of the spring (the vertical z-axis). Any movement of the ball in the
direction of the x and y axes can be regarded as noisy perturbations around the
z-axis.

Now imagine a more general experiment where it is not so clear beforehand how
to choose the direction of the axes you are recording and how many dimensions
you should take into consideration. PCA looks for a translation and rotation of the
recorded axes to a new coordinate system where the amount of information in each
dimension is optimized. This way, it becomes easier to discover underlying structure
in the data. In case of the ball-on-a-string experiment, where you recorded three-
dimensional data but did not know the best way to choose the axes along which to
record, the underlying structure revealed by PCA will tell you the direction that
contains most variation (or information) and hence the most likely direction of the
spring.

In a more general sense, PCA transforms the data from the original space to a
new space of the same dimension. Through this transformation, PCA may make
it easier to see that the data are in fact grouped around a manifold of much lower
dimension than the original space where the data were recorded. This could be
helpful when you are trying to reduce the dimensionality of the data. Dimensions
that contain little variation, and hence also little information, may be discarded
before feeding the data set to the classifier.

There are two main interpretations of PCA. It can be defined as the orthogonal
projection of the data onto a lower dimensional linear space such that the variance
of the projected data is maximized [14]. An alternative way of looking at it is
considering it as the linear projection that minimizes the average projection cost,
defined as the mean squared distance between the data points and their projections
[21]. Here we will explain the theory through examining the first interpretation,
which we will call the maximum variance formulation. For the explanation of the
theory, [6] proved very useful.
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4.3.1 Maximum variance formulation

Consider a set of D-dimensional, observation vectors {x,}, n = 1,..., N. The aim
is to project the data onto a lower dimensional subspace having dimension M < D,
while maximizing the variance of the projected data.

For simplicity, let us first consider projecting the data onto a one-dimensional
space. We can describe this new space using a D-dimensional vector u; with length
1 (ie. [Jui| =1). Each observation vector x,, is projected onto a scalar ufx,. The
mean of the projected data is then given by ulTi, where

1 N
X = Nan, (4.1)
n=1

the variance of the projected data is given by
| XN
N Z{ut{xn —ulx}? = ul'su,, (4.2)
n=1
where S is the covariance matrix defined by

N
S = Jb;(xn _%)(x, — )T (4.3)

To find the direction for which the projected variance is maximal, we maximize
equation (4.2) with respect to the vector u;. Note that the fact that we have chosen
|lui|| = 1 makes this a constrained optimization and we have arrived at the following
optimization problem:

{ max u} Suy, (4.4)

s.t. [Jug]| = 1.

To find uy, introduce a Lagrange multiplier A; and solve the unconstrained maxi-
mization problem

n}la}xu{Sul + A1 (1 — [Juy]]). (4.5)

Calculating the derivative with respect to u; and setting the result equal to zero,
gives

Su1 = )\1u1. (46)

This means that u; must be an eigenvector of the covariance matrix S. Left-
multiplying this equation by ul and using that |jui| = 1,

ulTSul = AlulTul = )\1, (47)
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we see that the variance of the projected data is equal to the eigenvalue A;. This
means that the variance is maximal for the eigenvector u; associated with the largest
eigenvalue A; of the covariance matrix S. We call this eigenvector u; the first
principal component.

Since the covariance matrix is a symmetric matrix, all its eigenvectors are orthog-
onal. This means that we can define the additional principal components us, ..., uys
in an incremental fashion by choosing them to be the eigenvectors associated with
the remaining M — 1 largest eigenvalues Ag, ..., Ajy;. The amount of variation ex-
plained by component ¢ is given by

Ai
7
Zj:l Aj
Using the eigenvectors, we can define a transformation matrix P = [u; - - - ups]. The

original data X = [x; ---xx] can now be expressed in the new principal component
space Y through the following transformation:

(4.8)

Yy = PTX. (4.9)

4.3.2 Limitations of PCA and application to motion data

PCA can only be meaningfully applied to a data set if a number of assumptions is
satisfied [29]. The most important motivation of applying PCA is to decorrelate a
data set. For this to work, it must be true that the original data is arranged along
orthogonal axes. Further, decorrelation also removes any second or higher order
dependencies within the data, so applying PCA to data that do contain higher
order dependencies leads to loss of information.

Do these assumptions hold when considering the motion data in our lifting exper-
iment? The recorded data consist of accelerometer and gyroscope data. Naturally,
any x-, - and z-accelerometer and gyroscope data channels are orthogonal. Further,
there are no second or higher order dependencies between any of these channels; since
we consider freely moving subjects, any value of the acceleration could be combined
with any angular velocity.

The third assumption is that we consider a component with low variance to
have low information. In other words, if a component has a low variance, we say
it must represent noise. This last assumption has an important consequence. Our
data consist of different channels. Some of these channels will be of a greater order
of magnitude than others. For example, z-accelerometer channels are influenced
by gravitation, so on average the measured values will be greater than those of
the z- and y-accelerometer channels. Of course this does not necessarily mean
that the z-channel contains more information. Simple normalization does not solve
this problem, because then the ratio between the channels is not preserved and
information might be lost.

Our solution is as follows. Like with normalization we center the data, but
instead of dividing by the standard deviation of the channel under consideration,
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we divide by the standard deviation per signal type. This means that we calculate
the standard deviation of all accelerometer channels combined and use it instead for
the normalization procedure of a single accelerometer channel. For example, for any
z-accelerometer channel, this works as follows:

acc ~acc
acc _ T -z
xnorm - acce
Utotal
This way, we make sure that the accelerometer channel with the greatest variance
indeed corresponds to the channel that contains the most information. The same

strategy is applied to the gyroscope channels.
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Chapter 5

Improving the training process

5.1 Overview of this chapter

In the previous chapters, we have described the full process of describing activities
through hidden Markov models. In this chapter we will look at several aspects of
the training process that can be improved. Firstly, we will discuss how to choose
the number of Markov states that best describes a certain activity. Secondly, we
will present a detailed discussion of how HTK applies the Baum-Welch algorithm
to train a HMM, and discuss how to improve the results of the training. In the
final section we will go into choosing the best possible initial values of those hidden
states.

5.2 Optimizing the number of Markov states

When using HTK to train a HMM, the number of hidden states in the model needs
to be specified. This number remains fixed throughout the training process. We
say that for a certain activity ¢ the number of states N, N > 0, is optimal if it
maximizes the accuracy of the recognition results on an independent test data set:
Nc?;:iimal = mj\&}X{Accuracy(N)} (5.1)
In practice, what will typically happen is that as the number of states increases
from N = 1, the accuracy improves. At some point the number of states is sufficient
to capture the essence of the activity you are trying to describe. Additional states
will be redundant, since there are no more elements of the activity that are not
already described by the existing states. The extra states only give meaning to
noise, something which is highly undesirable since it will lead to deterioration of the
recognition accuracy.
Currently, the software model trains all activities in the dictionary with the
same number of states. Naturally, this is not the best way to describe different
activities. More complex activities might require more states to best capture their
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essence; similar activities require a sufficient number of states to optimally model
their differences. Through an artificial data experiment, we will illustrate what
exactly can be improved. We also present an iterative approach to find a good
estimate of what the optimal number of states for an activity should be.

5.2.1 Artificial data experiment

To illustrate why the choice of the number of states for a HMM is highly important,
we conduct the following experiment on an artificial data set. We define two artificial
activities in the following way (see also figure 5.1). Activity 1 consists of three states.
The time spent in the respective states is normally distributed with N (u;, 0?), where
p = {5,5,10} and o2 = {0.75,0.75,1}. The signal distribution in the respective

states is normally distributed with N(usigml’i,agigml,i), where pgsignat = {4,6,10}
and a;gnal = {1,1,1}. Activity 2 is defined in the exact same way, only states 1

and 2 are interchanged. We randomly generate a combined total of 100 randomly
ordered examples of activities 1 and 2. This artificially generated data set can be
used to get a feel of how the classifier handles data. It will also give us an idea
of how running the training algorithms results in trained HMMs and how we could
improve upon the results.

Activity 1 Activity 2

14 T 14 T
12 1 12r
10 1 101

8 8

6 6

4 4

2 2

0 0

0 5 10 15 20 0 5 10 15 20
time time

Figure 5.1: Examples of artificial activities 1 and 2.

We divide the data set into a training set consisting of 75 examples of both
activities and a test set consisting of the remaining 25. In the first part of the
experiment we choose the number of hidden states for both activities to be two.
Remember that the ’actual’ number of states of both activities is three. Naturally,
we expect the results to be poor because of the way activities 1 and 2 are defined; two
states cannot be sufficient to model the difference between both artificial activities
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so we do not expect the correctness of the results to be much better than 50%.
Finally, both HMMs are initialized using a ’flat’ start, as described in section 3.3.1,
and the Baum-Welch training algorithm is iterated four times.

In the second part of the experiment we choose the number of hidden states for
both activities to be three. Three states should be sufficient to model the difference
between both artificial activities, so we expect highly accurate recognition results.
Again the HMMs are initialized using a ’flat’ start and the Baum-Welch training
algorithm is iterated four times.

Results

In the two-state experiment all parameter values found by the Baum-Welch algo-
rithm are practically equal for both HMMs (see table 5.1 and figure 5.2). The
correctness and accuracy (see also section 3.4.3) of the recognition results are 72.3%
and 66.7% respectively. Although these numbers are better than the expected 50%,
clearly improvement is needed.

ol l LG, | ol Il l‘ Il M i |
WI‘['!\ | \’ If H””H”\qwl

il WMIML aw.mNMM LI,

S T

Figure 5.2: Seen here are the means of both states determined by the Baum-Welch
algorithm in the two-state experiment, plotted on top of the same examples as seen
in figure 5.1

The results of the three-state experiment are much more promising. The correct-
ness and accuracy are now both a perfect 100%. The parameter values found by the
Baum-Welch algorithm are presented in table 5.2 and figure 5.3. From the results
we notice two things. Firstly, the reconstruction of activity 1 is very accurate. The
obtained parameter values lie very close to the original distributions. Secondly, we
observe that this not at all the case for activity 2. Since so little time is spent in the
second state, the reconstruction basically consists of only two states.
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Activity 1 Activity 2
State 1 | (u1,07) = (4.99,1.98) | (ug,03) = (5.00,2.03)

E[Ty] = 10.22 E[Ty] = 10.10
State 2 | (u2,03) = (10.00,1.03) | (uz2,05) = (10.00,1.01)
E[Ty] = 9.96 E[Ty] = 10.15

Table 5.1: Parameter values determined by the Baum-Welch algorithm for the two-
state experiment. E[T;] is the average time spent in state i.

Activity 1 Activity 2
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Figure 5.3: Seen here are the means of all three states determined by the Baum-
Welch algorithm in the three-state experiment, again plotted on top of the same
examples as seen in figure 5.1. Note that the time spent in the second state for
activity 2 is very short.

Activity 1 Activity 2
State 1 | (u1,07) = (4.34,1.50) | (u1,07) = (5.00,2.03)
E T =6.29 E[Ty] = 10.07
State 2 | (u2,03) = (6.03,1.02) | (u2,035) = (6.90,1.09)
E[T»] = 3.93 E[Ty] = 0.063
State 3 | (us3,03) = (10.00,1.03) | (u3,03) = (9.99,1.00)
E[T3] = 9.95 E[T3] = 10.12

Table 5.2: Parameter values determined by the Baum-Welch algorithm for the three-
state experiment.

We conclude that the main reason for the results being so good, is because the
reconstruction of activity 1 is so accurate. The accurate reconstruction not only
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makes it easy to recognize whether a data sequence was generated by the HMM
describing activity 1, it also makes it easier to recognize whether a data sequence was
not generated by the HMM describing activity 1 and the reconstruction of activity 2
does not need to be as good. This works out fine for our artificial experiment where
we only have two different activities to consider, but it likely will cause problems
when the number of activities increases.

From this experiment we learn two things. We have motivated the importance
of choosing a sufficient number of states to describe activities. Secondly, as can be
seen from the three-state experiment, choosing the right number of states does not
necessarily lead to the best possible reconstruction of the activities. We hope to
solve this through smarter initialization of the state distributions. We will return to
this problem later in this chapter.

5.2.2 Iterative solution

The first question from the previous section is how to find the optimal number of
hidden Markov states for each individual activity. We attempt the following strategy
to find this number. For each individual activity, set the initial number of states to
a not too high value Ny. Remember that each state corresponds to a small basic
element of a larger movement (see also section 3.2), so it is reasonable to assume
that it is not possible to describe an activity with less than four states. Hence, when
classifying the lifting activities described in section 3.2, Ny = 4 should be sufficient.
Next, train the HMM with this number of states, test it on independent data and
store the accuracy of the recognition results. Increment the number of states by
one, and repeat the process. Keep doing this until the accuracy starts decreasing
(or does not improve anymore). In pseudocode:

for all activities do

Set initial number of states to N = Ny;

Train HMM;

Test model on independent data;

Store accuracy of results;

while accuracy improves do
Set number of states to N = N + 1;
Train HMM;
Test model on unknown data;
Calculate accuracy

end

Nel =N —1;

optimal

end
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5.3 Optimizing Baum-Welch training

Training of the HMMs through application of the Baum-Welch algorithm takes
places on a composite HMM generated by the HTK tool HERest (see also section
3.4.1). This composite HMM consists of a concatenation of all HMMs corresponding
to the activities in the training set.

An important downside of this approach is the following. Different activities
have different average durations. HERest assumes that these different durations do
not vary too much, and hence enough HMMs within the composite HMM will align
with their realizations in the training set. If one activity is significantly longer than
the other, the misalignment of the HMMs and their realizations might become too
severe and lead to deterioration of the recognition results. We will illustrate this
effect with an artificial data experiment.

5.3.1 Artificial data experiment

In similar fashion to the experiment conducted in section 5.2.1, define the following
two artificial activities. Activity 1 consists of four states. The time spent in the
respective states is normally distributed with N(p;,0?), where p = {10, 10,10,10}
and 02 = {1,1,1,1}. The signal distribution in the respective states is normally
distributed with N (gsignat,is agigml,i), where figigna = {6,4,6,4} and agignal =
{1,1,1,1}. Activity 2 also consists of four states. The time spent in the respec-
tive states is again normally distributed with N(yu;,02), where u = {25, 25,25,25}
and 02 = {1,1,1,1}. The signal distribution in the respective states is normally
distributed with N (tsignat,is O-gignal,i)7 where figigna = {2,4,6,2} and O-gignal =
{1,1,1,1}. See figure 5.4 for an example of both these activities. The key dif-
ference between both these artificial activities is that activity 2 has a much greater
average duration than activity 1. We randomly generate a combined total of 100
randomly ordered examples of activities 1 and 2. Activity 1 is four times more likely
to occur than activity 2, so on average we expect 80 example of activity 1 and 20
examples of activity 2 in the data set. This is done to try and increase the misalign-
ment between the composite training HMM generated by HERest and the activities
in the data set.

For the first part of the experiment, the data set is randomly divided into a
training set consisting of 75 activities, and an independent test set consisting of the
remaining 25. For both activities, the HMMs are initialized using a 'flat’ start, as
described in sections 3.3.1, and the Baum-Welch training algorithm is iterated until
the recognition results do not improve any further. Naturally, both HMMs consist
of four hidden Markov states.

In the second part of the experiment, using the annotations we sort the data in
the training set. The first subset of the training set consists only of examples of
activity 1, the second subset of the training set consists only of examples of activity
2. The third and final subset of the training set consists of a randomly ordered mix
of both activities. The test part of the data set naturally also consists of a randomly
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Figure 5.4: Examples of artificial activities 1 and 2. Note that the duration of
activity 2 is much greater.

ordered mix of both activities. The size of the training and test sets is still 75 and
25 respectively.

The HMMs for activity 1 and 2 are first trained using their respective specific
training sets. After this follows a second training session using the mixed training
set. Finally the HMMSs are tested on the mixed test set.

Activity 1 is again four times more likely to occur than activity 2. The number
of hidden states for both activities is again chosen to be four. The HMMs are
initialized using a ’flat’ start and the Baum-Welch training algorithm is iterated
until the recognition results do not improve any further.

Results

For the first part of the experiment, the recognition results are poor. After three
iterations of the Baum-Welch algorithm, the results do not improve any further.
The correctness and accuracy are both only 28.0%. See table 5.3 and figure 5.5 for
a detailed overview of the results.

The problem seems to be that for both activities, the HMMs are stuck in some
representation of the original activities that does not correspond to four states. For
activity 1 the third state is degenerate since so little time is spent there. For activity
2 it is even worse: the means of the last three states almost have the same value, so
basically the solution corresponds to only two instead of four states.

For the second part of the experiment, the recognition results are almost perfect
(see table 5.4 and figure 5.6 for a detailed overview of the results). The correctness
and accuracy of the results are 100% and 96% respectively, which corresponds to
only a single insertion error (false positive). The results are obtained after five
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Figure 5.5: Seen here are the means of all four states determined by the Baum-Welch
algorithm for the first part of the experiment, plotted on top of the same examples
as seen in figure 5.4

Activity 1 Activity 2
State 1 | (u1,0%) = (5.79,1.38) | (u1,07) = (1.99,1.00)
E[T] = 12.96 E[T1] = 31.68
State 2 | (po,03) = (5.03,1.95) | (i2,032) = (3.98,0.98)
E[Ty] = 17.04 E[Ty) = 18.64
State 3 | (u3,03) = (4.35,1.45) | (u3,0%) = (4.04,1.05)
E[T3] = 0.40 E[T3] = 6.48
State 4 | (p4,07) = (3.99,0.98) | (j14,07) = (4.31,4.86)
E[Ty] = 9.96 E[Ty] = 43.04

Table 5.3: Parameter values determined after three iterations of the Baum-Welch
algorithm for the first part of the experiment.

iterations of the Baum-Welch algorithm. The problem with activity 1 is still that
the third state is degenerate, since again very little time is spent there. Activity 2
on the other hand is now recovered almost perfectly. Like in the previous section we
conclude that the main reason that the results have improved so much is because
now at least one of both activities is accurately reconstructed.

From this experiment, we see that we should indeed be careful when training
the classifier on a dictionary containing elements that vary too much in duration.
The solution to this problem is relatively straightforward, as we have shown in the
second part of the experiment. Secondly, as the second part of the experiment also
shows, choosing the correct number of states and training the HMMs with individ-
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Figure 5.6: Seen here are the means of all four states determined by the Baum-Welch
algorithm for the second part of the experiment, plotted again on top of the same
examples as seen in figure 5.4

Activity 1 Activity 2
State 1 | (u1,07) = (6.00,0.98) | (u1,07) = (1.99,0.99)
E[T] =10.28 E[T1] = 32.60
State 2 | (u2,03) = (5.03,1.98) | (u2,03) = (3.99,1.00)
E[T] = 19.64 E[Ty] = 25.16
State 3 | (us,03) = (4.13,1.12) | (u3,03) = (5.99,0.99)
E[T3] = 0.20 E[T3] = 24.92
State 4 | (p4,07) = (3.99,0.97) | (14, 03) = (2.01,1.00)
E[Ty] = 10.24 E[Ty] = 17.12

Table 5.4: Parameter values determined after five iterations of the Baum-Welch
algorithm for the second part of the experiment.

ual training data might still not be sufficient to provide us with the best possible
reconstruction of the original activities. We take a closer look at this problem in the
next section.

5.4 Optimizing initialization
For training HMMs, the Baum-Welch algorithm is used. This algorithm finds a local
optimizer for the parameters A of a HMM to best explain an observation sequence

(see section 2.4.3). When \ ends up at a suboptimal local optimizer, this might be
reflected in recovered solutions that contain degenerate states or inaccurate state
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means, as illustrated in sections 5.2.1 and 5.3.1. This problem can be solved by
taking a closer look at the initialization of the HMM parameters, most notably the
initialization of the signal distributions within each state. In this section we discuss
two ways of initializing HMMs, namely the segmental K-means procedure which is
a functionality of HTK, and a novel procedure in which we approach the problem
through Potts functionals.

5.4.1 Segmental K-means initialization

The first smart initialization method we discuss is the segmental K-means procedure
[43, section 2.3.2] [16]. It works as follows. On the first training cycle, using the
provided annotations, the training set is uniformly segmented. If for example a
training set consists of ten examples of activities and each activity is described by a
HMM with n states, the training set is segmented into 10n uniform segments. After
segmentation the mean and variance of all data points that fall into a segment is
determined through a K-means clustering procedure. Since each segment represents
one state, each segment is described by a single cluster. The obtained means and
variances are used as initial values of the signal distributions of the states. The
hope is that in doing this, enough of the initialized states align with ’actual’ states
and unfavorable local optimizers are avoided. Note that the segmental K-means
procedure does not provide us with a way to determine the optimal number of states
from the data; this parameter still needs to be specified 'manually’ when applying
the K-means approach.

We repeat the experiment with one long and one short activity of the previous
section, to test how well the segmental K-means procedure performs. The Baum-
Welch algorithm is again iterated until the results do not improve any further. The
detailed results of this experiment are shown in table 5.5 and figure 5.6.

Activity 1 Activity 2
State 1 | (p1,07) = (6.00,1.00) | (p1,07) = (1.99,1.00)
E[T1] = 10.12 E[T}] = 25.88
State 2 | (u2,03) = (4.01,1.00) | (u2,032) = (3.99,1.00)
E[T] = 10.08 E[Ty] = 25.16
State 3 | (u3,03) = (5.99,1.00) | (u3,03) = (5.99,0.99)
E[T3] = 10.20 E[T3] = 24.92
State 4 | (u4,07) = (4.01,1.00) | (p4,07) = (2.00,1.00)
E[Ty] = 9.92 E[Ty] = 23.80

Table 5.5: Parameter values determined after two iterations of the Baum-Welch
algorithm for the repeated second part of the experiment of the previous section.
The HMMs are initialized using the segmental K-means procedure.

The results are now highly satisfactory. The correctness and accuracy are both
a perfect 100%. Also, we have obtained these results after only two iterations of the
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Figure 5.7: Seen here are the means of all four states determined by the Baum-Welch
algorithm, for the repeated second part of the experiment of the previous section,
but here the HMMs are initialized using the segmental K-means procedure.

Baum-Welch algorithm. On top of this, and in contrast to the previous two sections,
we now also have obtained accurate reconstructions of both activities.

5.4.2 Potts problem

Another way to approach the initialization problem is through Potts energy func-
tionals. When describing an activity through a HMM, each datum of the (noisy)
measured signal is generated by one of the hidden states of the HMM. The complete
signal is described by a sequence of these states, i.e. a piecewise constant signal
where each jump discontinuity corresponds to a state transition. In other words,
we can interpret determining the most likely state representation of the noisy signal
as looking for a piecewise constant function that best describes the original signal.
Before continuing, we will make this more precise.

Consider a signal vector u € R™. The aim is to reconstruct this original signal u
from a noisy measurement vector f € R"™, which can be described by

f = u+ noise.

Since we are looking for a solution that is piecewise constant (a different constant
for each state in the overall sequence of states), the solution to this problem does
not change continuously with the initial conditions. This means that the problem
is ill-posed and requires regularization.

Regularization can be achieved by minimizing an energy functional which ex-
presses a tradeoff between a data discrepancy term, which measures the discrepancy
between the measured noisy signal f and the original signal u, and a regulariza-
tion term. We assume the noise to be additive Gaussian noise. This means that
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the natural choice for the data discrepancy term is the L2-norm (see appendix B
for an explanation why this is the case). The regularization term contains a-priori
information about the solution w, in our case that it should be piecewise constant.
Hence, a natural regularization term would be

IVullg = {7 : ui # wia}],

which counts the number of jumps in the candidate solution u. The full minimization
problem, also called a classical Potts problem, is the following;:

Py = ||Vullg + [lu— f]|; — min. (5:2)

The parameter v € R controls how many jump discontinuities the solution will
contain, e.g. a larger value of v will result in fewer jumps.

To solve the Potts functional, we use the Pottslab Matlab toolbox [33-35, 40].
Because of the regularization term, the functional (5.2) is not convex. In this case,
often the total variation (TV) penalty ||[Vull; = >, |ui+1 — u;| is used instead of
the ||-||, norm to make the problem convex. The TV problem can be solved using
convex optimization and a global minimizer exists and can be calculated. However,
as shown in [34], the minimizers of the TV problem are not the same as those of
the Potts problem. The minimizers of the Potts problem correspond to genuine
piecewise constant solutions, whereas the minimizers to the TV problem do so only
approximately.

In the accompanying articles the authors show that for univariate data, as is
the case for our problem where we treat each data channel separately, the problem
can be solved fast and exactly using dynamic programming. See appendix C for an
explanation of the method for calculating this minimizer.

We apply the Potts functional to our problem in the following way. From a
training data set, we cut out all examples of a single activity. We resample all these
examples to give them equal length to make it possible to calculate a meaningful
average. For the resulting calculated ’average’ activity, we solve the Potts problem.
To determine the best value of the regularization parameter -, we need to do some
manual tweaking to find out which value best suits our type of signal.

The solution of the Potts problem is a piecewise constant, n-dimensional func-
tion, where n is the number of data channels under consideration. We can use this
result to determine the unknown HMM parameters in the following way. Each con-
stant part of this function represents one of the hidden states. A jump discontinuity
corresponds to a state transition, so the solution also provides us with a good esti-
mate of the optimal number of states. The value of each constant part is the mean
of the Gaussian signal distribution of the corresponding state. From comparing the
‘average’ activity to the piecewise constant solution, we can determine an initial
guess of the variance of the signal distribution in each state. Finally, the time spent
in each state can be used to determine the values of the state transition probabilities.

To test the Potts approach, we solve equation (5.2) for our artificial data exper-
iment of section 5.2.1. The results are shown in figure 5.8. The results are exactly

52



what we are looking for. Not only are all three states recovered perfectly, the solu-
tion is also robust for a large range of the regularization parameter v. We also try
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Figure 5.8: Seen here are the recoveries of the three states of both artificial ac-
tivities through the Potts approach. The three states are recovered perfectly for
~ € [0.07,2.23].

the Potts approach for the artificial data experiment of section 5.3.1. The results
are shown in figure 5.9.
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Figure 5.9: Seen here are the recoveries of the four states of both artificial activities
of the experiment of section 5.3.1 obtained through the Potts approach. The three
states are recovered perfectly for v € [0.09, 3.70].
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We can now also test the Potts approach on a real life example. We consider
the lifting activities data set. See figure 5.10 for a plot of the solution of the Potts
problem for the z-accelerometer data channel of a ’squat’ activity. From this example
we see that our original assumption that the hidden Markov states should correspond
to stationary parts within the data does not hold. The state representation of an
activity is actually more like a piecewise constant representation of the original
signal. The specific locations of these states and the order in which they are visited
is what differentiates one activity from another.
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Figure 5.10: Seen on the left is the resampled mean of the z-accelerometer data
channel of a ’squat’ activity. On the right the same resampled mean is shown, but
now the states found by solving the Potts problem (y = 0.3) are included. Also
shown are the standard deviations around the means of each state.

Summarizing, the solution obtained from the Potts problem approach essentially
solves the complete problem of how to initialize a HMM. It provides us with a way
to find good initial estimates of all unknown HMM parameters.
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Chapter 6

Handling empty data

6.1 Classification doubt

As described in section 3.4.3, FusionAAC can make three types of mistakes: sub-
stitution, deletion (false negatives) and insertion errors (false positives). It seems
reasonable to assume that when FusionAAC makes a mistake, this is somehow re-
flected in the computed likelihood associated with the recognized activity.

Being able to recognize classification errors becomes even more relevant when
considering data with empty patches where no activities are being performed. Typi-
cal data obtained from monitoring subjects will always contain these empty patches.
For example, not everything a subject does might be of interest and hence will not be
included in the dictionary. FusionAAC is designed to always find the activity in the
dictionary that is most likely to have generated a given data sequence and so it will
always come up with a classified activity. Since there is nothing to recognize within
empty data patches, this will result in a lot of false positives, which we consider to
be the type of error that is most important to avoid (see also section 3.4.3).

Ideally, in addition to the total probability for each recognized activity (see
section 3.4.2), we would also like to know the probabilities associated with the second
best choices. Unfortunately, because of the nature of the problem and the way the
software handles the data, the second best answer at any given moment is not so
clearly defined. For example, when comparing the two most likely sequences of
activities in a data set, start and end times of activities will probably never exactly
coincide with each other. Even worse, the number of recognized activities within an
observation sequence might not even be equal.

In this chapter we investigate how to approach the problem of handling empty
data. We consider the data set consisting of a series of lifting activities, as decribed
in section 3.2. The data set is divided into a training set and a testing set. We
remove all 'walking’, ’standing’ and ’sitting’ activities from the training set. Since
FusionAAC is then no longer trained to recognize these three activities, we have
artificially created empty patches of data within the testing set.

Having FusionAAC handle this data will lead to a high number of false posi-
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tives. We introduce two strategies to improve the way FusionAAC processes empty
data. The first strategy aims to remove false positives through postprocessing of the
recognition results. The second strategy aims to avoid false positives by trying to
classify the empty patches in the data. These strategies are described in the next
sections.

6.2 Removing false positives through postprocessing

The only information FusionAAC provides us with, is the total log probability for
each recognized activity. We will try to improve on the results of the above experi-
ment by taking a closer look at these total log probabilities. The HVite recognition
tool provides output as shown in table 6.1.

tstart tena Recognized activity Total log probability
XXX XXX activity ¢ log P(activity i)

Table 6.1: Output of the HVite recognition tool. For each recognized activity, a
start and end time is provided. The last column shows the total log probability
associated with the recognized activity

The first thing to investigate is whether it is possible to observe variation in
the total log probability. Naturally, larger values should mean a higher degree
of certainty of the classification. The order of magnitude of the calculated log
probabilities is ~ —10%3.

We can now start comparing the results of the classification process with the true
list of activities within the test set. We look for a threshold value. Any value below
the threshold means that the total probability of a recognized activity is too low and
there is reason to doubt the result and the classification is discarded, a value above
the threshold means that the classification is reliable. We will test this approach on
the data set containing artificial empty patches as described at the beginning of this
chapter. The results of this experiment are shown in section 7.5.1.

6.3 Classifying empty data patches

The second strategy consists of introducing a dummy HMM. Consider a dictionary
consisting of a number of specific activities. Secondly, consider a data set sparsely
populated by the activities from this dictionary, so we again have a data set that
contains empty patches. Theoretically, if the activities are different enough from the
noise in between them, it might be possible to let the dummy HMM account for the
noisy patches. This way, all empty patches will be classified as noise and insertion
errors are avoided.

We will test this approach on the data set containing artificial empty patches
as described at the beginning of this chapter. However, we do not expect great re-
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sults from this experiment. Firstly, the removed activities ('walking’, ’standing’ and
'sitting’) are somewhat similar to the activities we are trying to classify. Secondly,
the removed activities are also quite different from each other, which makes it hard
to describe them using a single HMM. Unfortunately we do not yet have access to
more suitable data to test this strategy, but we expect to be able to do so in the
future. The results of this experiment are shown in section 7.5.2.

57



58



Chapter 7

Results

7.1 Overview of this chapter

This chapter contains the recognition results of various experiments performed on
a real-life data set. This data set consists of a series of lifting activities, which are
described in section 3.2. The results are presented mainly in the form of confusion
matrices. In a confusion matrix, all activities under consideration are listed in
both the rows and the columns of the matrix. The rows correspond to the original
classes of activities (denoted as ’ori’) in the data set, the columns correspond to
the predicted classes of the activities (denoted as 'pred’). Each correct prediction is
located on the diagonal of the matrix (denoted in gray), each off-diagonal element is
a Substitution error S. This presentation of the results makes it easy to see whether
a certain activity is systematically confused with another. In the confusion matrices,
D and I mean Deletion error and Insertion error respectively (see section 3.4.3)

For each of the experiments in this chapter, the n x (n + 1) initial transition
probability matrix A, where n is the number of states of the HMM, is of the form
Q4 = 0.8 and Qi i+1 = 0.2:

0.8 0.2
0.8 0.2

Some preliminary testing showed that it is not necessary to be more specific when
initializing the transition probability matrix. The only thing that is important
is to specify which state transitions are allowed and which are not. Secondly, as
also described in section 3.3.1, for each experiment in this section the initial state
distribution is chosen to be 7 = {1,0,...,0}. Any further relevant parameter value
initializations are specified in the coming subsections.

Section 7.2 contains the results of testing the classifier on a subset of the lifting

activities data set. To make it easier on the classifier, only the 'pure’ lifting activities
are considered, namely lifting an object by stooping (4) or squatting (5), lifting an
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object positioned to the right (6) or to the left (7), and putting the object down again
(8). The omitted activities, namely standing still (1), walking (2) and sitting (3)
vary more in duration and hence are more difficult to classify. Section 7.3 contains
the results of testing the classifier on the complete lifting activities data set, and
hence presents a greater challenge to the classifier.

In all the experiments of this chapter eight data channels are used, namely -
and z-accelerometer and y- and z-gyroscope data (see also section 3.2.1), recorded
by sensors positioned on the sternum and the spine. These eight channels should be
sufficient for FusionAAC to be able to differentiate between the above activities.

Section 7.4 contains the results of applying PCA (see chapter 4) to the data
set before running FusionAAC. Here we are mainly interested to see whether it is
possible to (a) reduce the number of input data channels and (b) improve on the
results of sections 7.2 and 7.3.

Section 7.5 contains the results of applying the postprocessing techniques (which
are described in chapter 6) to a data set containing empty patches.

7.2 Recognition of 'pure’ lifting activities

This section contains the results of testing the classifier on a subset of the lifting
activities data set which is described in section 3.2. The main goal of this section is
comparing three different methods of initialization of the HMMs, namely flat start
initialization, segmental K-means initialization and initialization through the Potts
approach, all of which are described in section 5.4.

For the flat start initialization, the number of hidden Markov states for all HMMs
are chosen to be equal. The same holds for the segmental K-means initialization.
In both these experiments, the number of states is increased until the recognition
results do not improve any further. For each value of the number of states, the
Baum-Welch algorithm is iterated until the recognition results do not improve any
further.

For the Potts initialization, not only the number of states varies per activity,
but also the initial signal distribution varies per state. For each individual activity,
the means for the Gaussian distributions within each state are determined in the
following way. We solve the Potts problem for each separate input data channel.
Typically, the number of states obtained from the Potts solution varies per data
channel. We choose the data channel that gives us the maximum number of states
to be leading. To define the means per state for the parallel data channels, for each
location of the leading states the average of the Potts solution in the other data
channels is calculated . This way each data channel is divided into an equal number
of states. The value of the regularization parameter v is chosen to be equal to 0.1.
For this value, the number of states found for each activity roughly corresponds to
the optimal number of states found for the flat start initialization. The number of
states for each activity with this approach is roughly stable for v € [0.05,0.15].

Preliminary testing showed that the value of the variance for the signal distri-
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bution does not seem to have a significant influence on the results, so we opt to
initialize the variance in each state with the variance of the complete data set. This
gives the HMMs some additional freedom to converge to the optimal parameter con-
figuration. The Baum-Welch algorithm is again iterated until the recognition results
do not improve any further.

The training set consists of 17 ’lifting from the left’, 18 ’lifting from the right’,
18 ’stoops’, 18 ’squats’ and 71 'putting object down’ activities. The (independent)
testing set consists of 8 ’lifting from the left’, 8 ’lifting from the right’, 8 ’stoops’, 8
squats’ and 34 'putting object down’ activities.

Flat start initialization

In table 7.1, the results are shown for the optimal initial parameter configuration
for a flat start initialization.

ori\pred | Down Left Right Squat Stoop D # originals
Down 34 0 0 0 1 1 34
Left 0 8 0 0 0 0 8
Right 0 0 8 0 0 0 8
Squat 2 0 0 6 0 0 8
Stoop 0 0 0 0 8 0 8
R o 0 0 0o 0  Total: 0o

Table 7.1: Recognition results after a flat start initialization on the 'pure’ lifting data
set, obtained for n = 8 states and four iterations of the Baum-Welch algorithm.

Segmental K-means initialization

In table 7.2, the results are shown for the optimal initial parameter configuration
for a segmental K-means initialization.

ori\pred | Down Left Right Squat Stoop D # originals
Down 31 0 0 0 1 2 34
Left 0 8 0 0 0 0 8
Right 0 0 8 0 0 0 8
Squat 1 0 0 7 0 0 8
Stoop 0 0 0 0 8 0 8
R o 0 0 0 0  Total: 0o

Table 7.2: Recognition results after segmental K-means initialization on the 'pure’
lifting data set, obtained for n = 13 states and two iterations of the Baum-Welch
algorithm.
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Potts initialization

In table 7.3, the results are shown for the optimal initial parameter configuration
for a Potts approach initialization.

ori\pred | Down Left Right Squat Stoop D # originals
Down 28 1 0 1 2 2 34
Left 0 8 0 0 0 0 8
Right 0 0 8 0 0 0 8
Squat 1 0 0 6 0 1 8
Stoop 0 0 0 0 8 0 8
I S o 0 0 0 0  Total: 0o

Table 7.3: Recognition results after Potts initialization on the 'pure’ lifting data set,
obtained after five iterations of the Baum-Welch algorithm.

Summary and discussion of the results

Table 7.4 gives an overview of the results of this section. The recognition results

Experiment | # states Correctness Accuracy S D [ # B-W
Flat start 8 93.9% 93.9% 3 1 0 4
K-means 13 93.9% 93.9% 2 2 0 2

Potts 9-11 87.9% 87.9% 5 3 0 5

Table 7.4: Comparison between the results of the different initialization methods.

are accurate. On a total of 66 activities only a few errors are made by FusionAAC.
Surprisingly, smart initialization of the HMMs does not seem to improve the results,
but we remark that there is not much room to improve upon the flat start results.
The Potts approach performs slightly worse than the flat start and K-means ini-
tializations. The only improvement we gain from applying the segmental K-means
procedure is that it reduces the number of Baum-Welch iterations.

For all three experiments, the most difficult activity to classify is 'putting an ob-
ject down’. The errors made are mainly substitution errors where either an activity
is confused with the ’down’ activity or vice versa. This error could easily be avoided
by introducing a language model. A language model can be compared to grammar;
where certain types of words can only be (or mostly) followed by certain other types
of words, the same holds for activities. For example, for the lifting activities data
set, it is not possible to pick up two objects consecutively without putting the former
object down first. Providing this kind of structure to the dictionary of the classifier
will likely correct most of the errors. Language models are beyond the scope of this
research, but they would not be difficult to implement.
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For the above experiments, we only considered data recorded by sensors posi-
tioned on the spine and on the sternum. Considering the accuracy of the results and
the type of errors made, we do not expect significant improvements of the results by
considering different or extended sensor configurations.

7.3 Recognition of lifting activities: complete data set

This section, together with appendix D.1, contains the results of testing the classifier
on the complete lifting activities data set which is described in section 3.2. The main
goal of this section is again comparing three different methods of initialization of
the HMMs, namely flat start initialization, segmental K-means initialization and
initialization through the Potts approach, all of which are described in section 5.4.
The approach for each initialization method is the same as in the previous section.

The training set consists of 25 ’lifting from the left’, 26 ’lifting from the right’,
26 ’stoops’, 26 ’squats’, 105 ’putting object down’, 13 ’sitting’, 94 ’standing still’
and 124 ’walking’ activities. The (independent) testing set consists of 9 ’lifting from
the left’, 7 ’lifting from the right’, 9 ’stoops’, 8 ’squats’, 33 'putting object down’, 4
'sitting’, 15 ’standing still’ and 37 ’walking’ activities.

In tables D.1, D.2 and D.3 in appendix D.1, the results are shown for the optimal
initial parameter configurations for a flat start initialization, the segmental K-means
procedure and the Potts approach respectively.

Summary and discussion of the results

Table 7.5 gives an overview of the results of this section.

Experiment | # states Correctness Accuracy S D I # B-W
Flat start 11 95.9% 91.8% 3 2 5 7
K-means 10 98.4% 95.9% 2 0 3 0

Potts 5-11 91.8% —% 10 0 514 7

Table 7.5: Comparison between the results of the different initialization methods.

For the flat start initialization, the results are decent. On a total of 122 activities,
10 errors are made. In contrast to the classification experiment on the 'pure’ lifting
activities data set, the flat start initialization is now clearly outperformed by the
segmental K-means procedure. Not only is the amount of classification errors halved
by this smart initialization, FusionAAC also requires less iterations of the Baum-
Welch algorithm. There do not seem any activities that FusionAAC has specific
problems with. We mention again that the introduction of a language model might
improve the recognition results even further.

The Potts initialization clearly underperforms. The main issue is the enormous
amount of insertion errors, most notably for the ’sitting’, ’standing still’ and *walk-
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ing’ activities. Closer inspection of the results reveals that the problem is with the
transition probability matrices. For the three problematic activities the following
happens. After iterating the Baum-Welch algorithm a few times, the probabilities of
transitioning to the next hidden Markov state become too large. Because of this, the
average time spent in the hidden Markov chain decreases. This results in a situation
where it becomes more likely for FusionAAC to classify for example the activity
‘standing still’ as a number of repeated ’standing still’ activities. This explains why
the number of insertion errors is so large. On top of this, this large number of
insertions also makes it more difficult to classify the other activities. Changing the
initial transition probability matrix does not remedy the problem.

As of yet we do not fully understand why this problem occurs. There is one no-
table difference between the segmental K-means approach and the Potts approach.
For the segmental K-means initialization the HMMs all have the same number of
states (n = 10). For the Potts approach, this parameter varies. The HMMs describ-
ing the lifting activities are roughly similar, with n = 9 — 11 states. The HMMs for
the three problematic activities ’sitting’, ’standing still’ and 'walking’ on the other
hand are described by only n = 5,7,6 states respectively. Perhaps the problem is
caused by this fact, and the software somehow struggles with the combination of
HMMs with a varying number of states.

For the above experiment we again only considered input data recorded by sen-
sors positioned on the spine and sternum. The difference between the activities in
the dictionary of this experiment is now greater compared to the differences in the
‘pure’ lifting activities dictionary. The recognition results however are still highly
accurate, and we do not expect significant improvements of the recognition results
by considering different or extended sensor configurations.

7.4 Recognition of lifting activities: PCA

We now apply PCA preprocessing to the eight data channels of the extended lifting
activities data set. We only combine PCA with the segmental K-means initialization
since that approach has lead to the best results in the previous section. We conduct
this experiment on the same data as was used in the previous section.

In table 7.6 the results obtained after application of PCA are compared with
the results of the previous section. All PCA inputs to FusionAAC in these exper-
iments account for more than 90% of the information in the data set. Using the
first four principal components as input to FusionAAC, combined with a segmen-
tal K-means initialization procedure and 11 states for all HMMs, already results in
accurate recognition results that are comparable to the results obtained after using
a flat start initialization in the previous section. Using the first five principal com-
ponents is enough to improve on the results of the flat start initialization from the
previous section. Using the first six or seven principal components results in a total
of six classification errors, only one more error than the best results obtained in the
previous section after application of the segmental K-means procedure.
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Experiment | # channels # states Corr Acc S D I # B-W
Flat start 8 11 95.9% 91.8% 3 2 5 7
K-means 8 10 98.4% 959% 2 0 3 0

PCA 4 11 94.3% 902% 6 1 5 0
PCA 5 12 96.7% 91.8% 3 1 6 0
PCA 6 12 95.9% 95.1% 4 1 1 0
PCA 7 10 96.7% 951% 4 0 2 0

Table 7.6: Comparison between the recognition results with and without application
of PCA.

7.5 Avoiding and removing false positives

In this section we give an overview of the results of testing our strategies for removing
and avoiding false positives as described in chapter 6. Section 7.5.1 contains the
results after applying postprocessing, where we look for variation in the calculated
total log probabilities. Section 7.5.2 contains the results after applying the second
method, where we introduced a dummy HMM to account for all empty parts in the
data set. We compare the results for both a flat start and a segmental K-means
initialization. We omit the Potts approach, because the previous section showed
that as of yet it cannot compete with the K-means smart initialization.

The number of states is again chosen to be equal for all HMMSs, and increased
until the recognition results do not improve any further. For each value of the
number of states, the Baum-Welch algorithm is iterated until the results do not
improve any further.

For testing the first method, the training set consists of 25 ’lifting from the left’,
26 ’lifting from the right’, 26 ’stoops’, 26 ’squats’ and 105 'putting object down’
activities. The (independent) testing set consists of 9 ’lifting from the left’, 7 'lifting
from the right’, 9 ’stoops’, 8 ’squats’ and 33 ’putting object down’ activities. The
testing set further contains 56 unlabeled empty patches of data. For testing the
second method, we randomly add 231 ’junk’ activities to the training set and 56
junk’ activities to the testing set.

7.5.1 Removing false positives through postprocessing

In table 7.7 the results are shown of testing the classifier on a data set containing
empty patches. In table 7.8 the results are shown after postprocessing. We have
used a threshold value of —1000: if the total log probability is below this threshold,
the classification result is discarded.

In table 7.9 the results before and after postprocessing are compared. Postpro-
cessing results in a significant decrease of the false positives, but it is not possible
to remove all of these errors. Also, postprocessing results in a significant amount of
false negatives: all but one of the ’lifting from the right’ activities are now deleted.
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ori\pred | Down Left Right Squat Stoop D # originals
Down 32 0 0 1 0 0 33
Left 0 9 0 0 0 0 9
Right 0 0 7 0 0 0 7
Squat 0 0 0 8 0 1 8
Stoop 0 0 0 0 9 0 9
N S 8§ 6 31 12 0  Total: 57

Table 7.7: Results of the experiment after segmental K-means initialization on data
containing empty patches, obtained for n = 6 states after six iterations of the Baum-
Welch algorithm. We notice that the actual activities of interest are classified almost

perfectly, but the results are worthless because the amount of false positives is so
high.

ori\pred | Down Left Right Squat Stoop D # originals
Down 30 0 0 1 0 2 33
Left 0 9 0 0 0 0 9
Right 0 0 1 0 0 6 7
Squat 0 0 0 8 0 0 8
Stoop 0 0 0 0 9 0 9
R 6 2 3 3 0  Total: 4

Table 7.8: Results of the experiment after postprocessing of the results.

Experiment | # states Corr Acc S D I
Before 6 98.5% 12.1% 1 0 57
After 6 87.9% 66.7% 1 8 14

Table 7.9: Comparison between the results before and after postprocessing.

7.5.2 Classifying empty data patches

In table 7.10, the results are shown for the optimal initial parameter configuration
when we introduce a dummy HMM (named ’Junk’) to classify all empty patches
within the data set. The results are obtained after a flat start initialization. In table
7.11, the results are shown for the optimal initial parameter configuration when we
introduce a dummy HMM (named ’Junk’) to classify all empty patches within the
data set. The results are obtained after a segmental K-means initialization.

Summary and discussion of the results

Table 7.12 gives an overview of the results of this section. The recognition results
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ori\pred | Down Left Right Squat Stoop Junk D # originals

Down 28 0 0 1 0 0 4 33

Left 0 6 0 1 1 0 1 9
Right 1 1 2 0 3 0 0 7
Squat 1 0 0 3 4 0 0 8
Stoop 0 0 0 0 9 0 0 9

Junk 0 3 1 1 6 40 5 56

I S 5 5 0 1 1 11 3 Total: 25

Table 7.10: Recognition results after introducing a ’junk’ HMM, obtained after a
flat start initialization for n = 15 states after 7 Baum-Welch iterations.

ori\pred | Down Left Right Squat Stoop Junk D # originals

Down 32 1 0 0 0 0 0 33

Left 0 9 0 0 0 0 0 9
Right 0 0 7 0 0 0 0 7
Squat 0 0 0 8 0 0 0 8
Stoop 0 0 0 0 9 0 0 9

Junk 0 0 0 0 0 52 4 56

I S 2 0 0 o 0 0 Total: 2

Table 7.11: Recognition results after introducing a ’junk’ HMM, obtained after
segmental K-means initialization for n = 12 states after 1 Baum-Welch iteration.

Experiment | # states Correctness Accuracy S D I # B-W
Flat start 15 72.1% 51.6% 24 10 25 7
K-means 10 95.9% 94.3% 1 4 2 1

Table 7.12: Comparison between the results of the different initialization methods
when introducing a dummy HMM.

obtained from applying a flat start initialization are poor, as was expected. The
recognition results obtained from applying the segmental K-means initialization on
the other hand, are surprisingly good. While the original activities 'walking’, ’stand-
ing still” and ’sitting’ are quite different from each other, trying to describe them all
through one ’junk’ HMM does lead to highly accurate recognition results. Fusion-
AAC not only succeeds in classifying the activities of interest, but also in classifying
the ’empty’ patches in the data.

Closer inspection of the segmental K-means initialization results reveals that it
is possible to improve them even further. The results contain four deletion errors,
but only ’junk’ activities have been deleted. Since we are not interested in the empty
patches anyway, it does not matter that FusionAAC deletes them.
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Chapter 8

Conclusion

8.1 Overview of this research

In this research, the aim has been to improve the FusionAAC software, which uses
HMMs for the classification of human activities. We have focused on three main
areas of improvement.

Firstly, in chapter 4 we have have looked at preprocessing of the data through ap-
plication of PCA, to maximize the amount of information and minimize the amount
of noise in the input data set. Secondly, in chapter 5 we have looked in depth at
the training process of the HMMs and how to improve various aspects of it. Lastly,
in chapter 6 we have looked at ways to both remove and avoid false positives in the
recognition results.

8.2 Improvements to training process

The first aspect of the training process we considered is choosing a suitable number
of hidden Markov states for each HMM. We have motivated the importance of this
parameter through an experiment on an artificial data set in section 5.2. We have
also tested two ways of varying the number of states for HMMs describing activities
in a real life data set. Firstly, we initialized all HMMs with the same number of states
and iteratively increased this number until the recognition results did not increase
any further. This method is described in section 5.2.2. Secondly, we applied a novel
procedure which uses Potts functionals to find a good initial estimate of the number
of states to describe each activity individually. For a description of this method, see
section 5.4.2.

The results of the first method are promising. The recognition results in both
section 7.2 and section 7.3 show that initializing all HMMs with the same number
of states can lead to highly accurate recognition results. The results of the second
method are mixed. Although our theoretical results suggest that individualizing
the number of states per activity should improve the recognition results, we have
not yet succeeded in generating equally accurate recognition results from varying
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the number of states as we obtained for a fixed number of states. The main reason
for this is that our implementation of the Potts approach does not yet seem to be
functioning as it should. While our theoretical results in section 5.4.2 show highly
accurate recoveries of the underlying artificial activities, trying to recover real life
activities using the Potts approach is still problematic, as the results in section 7.3
show.

The second aspect of the training process we considered is the way the training
data should be organized before presenting it to FusionAAC to train with. Our the-
oretical results from 5.3 suggest that sorting part of the training set to individualize
the training per HMM could help achieve more accurate recoveries of activities. We
have not fully implemented this improvement and hence as of yet have been unable
to test it on real life data.

The third and final aspect of the training process we considered is the initializa-
tion of the HMM parameters, most notably the initial signal distributions within the
hidden Markov states. In section 5.4 we have introduced two smart initialization
methods, namely the segmental K-means procedure and the Potts approach, and
we have motivated the importance of smart initialization through testing these two
methods on an artificial data set.

We have compared the recognition results achieved by smart initialization on a
real life data set with the old flat start initialization method employed by Fusion-
AAC. The results of these tests (shown in sections 7.2 and 7.3) further support our
claims of the importance of smart initialization. When testing FusionAAC on a
pure lifting activities data set, the flat start initialization and segmental K-means
procedure perform equally well, but when testing FusionAAC on the more difficult
complete lifting activities data set the segmental K-means procedure clearly outper-
forms the original flat-start. Not only have the recognition results improved, but
smart initialization also reduces the number of necessary iterations of the Baum-
Welch algorithm, which makes FusionAAC more computationally efficient.

The second smart initialization through application of the Potts approach does
not lead to an improvement of the recognition results. As also discussed in section
7.3 and at the beginning of this section, the implementation of this method still
needs some work.

Combining all the results and conclusions of this section, we can now make a
good suggestion of what the optimal procedure is to train a set of HMMs. Firstly,
a good estimate of the optimal number of states for the HMMs can be achieved
by employing the incremental strategy as described in section 5.2.2. Secondly, part
of the training data should be individualized per HMM. Lastly, application of the
segmental K-means initialization method provides FusionAAC with an improved
way to initialize the signal distributions for all hidden Markov states.
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8.3 Improvements through preprocessing

The goal of applying PCA to the original input data, is to try and reduce the
number of data channels needed as input to FusionAAC, while at the same time
the recognition results do not deteriorate. The results in section 7.4 show that it is
possible to reduce the number of input data channels. For example, using only the
first six principal components only results in one additional classification error when
compared to the recognition results obtained using all eight original data channels as
input. We conclude that PCA can be applied as a way to reduce the dimensionality
of the input data and could hence help make FusionAAC more computationally
efficient.

PCA did not result in an improvement of the recognition results. We conclude
that the original eight data channels hence do not contain noise that is harmful to
FusionAAC.

8.4 Improvements through postprocessing

As we have motivated in section 3.4.3, avoiding false positives in the recognition
results is highly important. We have suggested two ways to avoid false positives and
hence improve the recognition results. The first method is through postprocessing
(see chapter 6) of the results. The results in section 7.5.1 from testing this approach
show that is it possible to remove false positives from the recognition results by
considering the output classification probabilities that FusionA AC provides us with.
Although it does not seem feasible to expect to be able to remove all classification
errors from the results, the number of false positives can be greatly reduced.

We have also looked to improve our other results through this postprocessing
method, but for the other experiments in this report it was not possible to remove
any classification errors. Perhaps the reason for this lies in the fact that most of the
other results already are quite accurate and there is not much room for improvement
in the first place.

Contrary to our expectations, the second method to avoid false positives shows
great promise (see section 7.5.2). With a flat start initialization the method performs
poorly, but the results obtained after a segmental K-means initialization are highly
accurate. With this method to avoid false positives we have shown that it is possible
to model empty patches within a data set by adding an extra HMM to the dictionary.

The reason we think that this method works so well, is that FusionAAC is highly
capable of classifying the activities we are interested in (see the accurate results of
sections 7.2 and 7.3). This makes it easier for FusionAAC to simultaneously classify
everything we are not interested in.
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8.5 Computational efficiency

Two of the improvements described in this chapter could help improve the compu-
tational efficiency of FusionAAC. Firstly we have applied PCA to the input data
channels. In our experiments we only considered eight channels, but for other classi-
fication problems we might have to work with a data set where it is not so clear how
to select the parts of the data that best describe the underlying structure. PCA can
help to significantly reduce the dimensionality of the input data and hence possibly
also reduce the computation time for FusionAAC.

Secondly, the results from section 7.3 show that applying the smart segmental
K-means initialization method can greatly reduce the number of Baum-Welch it-
erations. Again, for our experiments in this report, we only considered eight data
channels, but when this number increases applying the segmental K-means proce-
dure might help reduce the computation time for FusionAAC.

8.6 Future recommendations

As mentioned most notably in section 7.2, the introduction of a language model
might help improve the recognition results. Language models are beyond the scope
of this research, but for example for the lifting activities dictionary, the concept is
not hard to imagine. We suggest that it should be one of the first areas of future
research.

In the above section on improving the training process, we have mentioned in-
dividualizing the training process by training each HMM separately. We have not
yet implemented this improvement, but we have motivated how this might improve
the recognition results and hence think it is also an interesting direction for future
work.

The last suggestion for future research is on how to choose the data that serves
as input to FusionAAC. In the experiments in this report we only considered eight
data channels that we thought would be sufficient to capture all important elements
of the activities we are trying to recognize. Another option would be to consider a
significantly larger sensor configuration. We can let PCA determine the key features
of this data set. Choosing the first n principal components might serve as highly
informative input to FusionAAC while at the same time the computational demand
on the software would not become too great.
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Appendix A

Equivalence mixture
distribution versus single
Gaussian

In this section we show that for a HMM A with J hidden states, for which the
observable signals in each hidden state have a (multivariate) Gaussian mixture dis-
tribution

bj(x) = > ¢jimN [Xltjm, Ujml,
1

3
I

there exists another equivalent HMM X with J' = Z;‘le M; hidden states (one
for each mixture component), for which the observable signal distribution in each
hidden state consists of only a single Gaussian

b (x) = N[x|py, Uyl

Equivalence is meant here in a probabilistic sense: if a HMM X is equivalent to
another HMM ), this means that for a given observation sequence O it holds that
P(O|)\) = P(OJN). First we show how X is related to A. Secondly, we will prove
equivalence. For this proof, extensive use was made of [4, §3.3]

A.1 Constructing the equivalent HMM

Each state j of A is split into M states, one for each of the M; mixtures. This
results in a total of J = Z}'le M; states for X'. The state space S’ of A can be
represented in the following way:

/ / / / / / / / / /
S = {Q17Q27“'7QJ’} = {Q117'"7q1M17q217"‘7QZM27"'7qL]17"'7qL]]WJ}
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where qé-m is a new state of \ corresponding with the m-th Gaussian of the mixture
in the original state j7 of A. The signal distribution in this state is given by

b;m(x) = N[X“‘l‘]ma Ujm] (Al)
The new transition probability matrix is given by
m = P (Xeg1 = @il Xo = qip,) - (A.2)

This matrix can be simplified to

/
ik,jm

= A,’jij, (AS)

where cj,, is the weight coefficient of mixture m in the original state ¢;. Note that,
as required,

J M J M; J

D Atk =2 D Akgm = DA D em =) Ay = 1.
jm j=1m=1 j=1 m=1 7j=1

The new initial state distribution is given by

T = CimTj. (A.4)

gm

A.2 Proof of equivalence

To compute the quantities P(O|\) and P(O|)\) we use the forward variable, as
defined in 2.4.1,

a(j) = P (0", Xy = ¢j])) (A.5)

and the recursive relations (see also 2.4.1)

{Oél(j) = m;b;(O1),

A.
a1(j) = {Zéjzﬂt(i)Aiﬂ} bj(Ot41), (46)

which give us

J
PO =3 ar(i). (A7)

j=1
Similarly,
J M
PON)=> ar(im)=>_> ar(jm) (A.8)
J;n j=1m=1
= ar()) (A.9)
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where

M.

ar(j) = ar(jm). (A.10)

=1

<

So, if we can show that ar(j) = o/7(j) the proof that P(O|X) = P(O|X) is complete.
We will attempt to do this through mathematical induction on the length 7" of the
observation sequence O.

e Base step: T =1

From (A.6) we know that

M;
a1 (j) = mibi(01) = 75 Y ¢jmN[O1|tjm, Ujm].

m=1

Secondly, using the recursive relations (A.6) and the definition of the new initial
state distribution (A.4)

M; M;
all (]) = Z Qg (]m) = Z ﬂ;mN[Oﬂ“jm?Ujm}
m=1 m=1
M, M
= ijﬂj/\/[01|[.tjm, Ujm] =Ty Z ijN[Ol ’[I,jm, Ujm]
m=1 m=1

and we are done.

e Induction step: ar(j) = & (j) = ari1(j) = o1 (4)

First, again using recursive relations (A.6)

rJ
ars1(j) = | D ar(i)Ay| bj(Ori1)
Li=1

. _—
= > ar@®Aiy| Y imN[Oraltjm, Ujml. (A.11)
Li=1 1 m=1
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Secondly,

M;
() = D arga(im)
m=1
Mj B
=Y 1D ar(i) Ay | bim(Or41)
m=1 L il
M; 1 J M,
= D ar(il) Ay | bim(Or41)
m=1 Li=1 I=1
My 1J M
= Z ZZQT(il)Aijij N[OT+1‘ﬂjm7Ujm]
m=1 Li=1 1=1
M; J M,
=Y cimN[Orsaltjm, Ujm] D Aij Y ar(il)
m=1 =1 =1
M; J
= CimN[OT 11 |1jm, Uil | D Aijar (). (A12)
m=1 i=1

Here, the fourth equality uses the definition of the new transition probability matrix
(A.3) and the last equality makes use of relation (A.10). Comparing equations
(A.11) and (A.12) and applying the induction hypothesis ar(j) = a/n(j), it holds
that ary1(j) = a1 (j) which concludes the proof that P(O|A) = P(O[X).
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Appendix B

Data discrepancy for additive
noise

B.1 From noise model to variational formulation

Our strategy to find the proper data discrepancy term D(f, u) in the Potts functional
(see equation 5.2) is to use a-priori information about the noise in the recorded data.
We assume that the recorded data f0 contains additive noise J:

fo=u+é.

Consider both the signal u we are trying to recover and the recorded data f9 as
random variables. We can then make use of the a-posteriori probability given by
Bayes’ formula as

P(f°|u)P(u)

P(fo)
where P(u] f‘5) is the probability that some given recorded data f° are based on an
underlying true signal u, P(f°|u) is the probability that from the true underlying
signal u the data f° were recorded, and P(u) and P(f?) are the a-priori probabilities
of uw and f° respectively.

Through maximization of this a-posteriori probability, we can find the Maximum
A-posteriori Probability (MAP) estimator:

& = arg max P(u|f°) = arg max P(f°|u)P(u), (B.2)

P(ulf’) = (B.1)

where the equality holds because of Bayes’ formula in equation (B.1) and P(f°) can
be neglected since it does not depend on u. Instead of maximizing P(u|f?), we can
also minimize the negative logarithm of this probability:

U = arg muin [— log (P(u|f5)>} (B.3)

= argmin [— log (P( f5|u)) ~log (P(u))} (B.4)
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We have now arrived at a variational model of the form
P(u) = D(f,u) + aR(u), (B.5)

where the data discrepancy term D(f,u) = —log (P(f°|u)) and the regularization
term aR(u) = —log (P(u))

B.2 Data discrepency for additive Gaussian noise

From now on, we focus on the data discrepancy term. We assume the additive noise
§ to have a Gaussian distribution, with E[6] = 0 and var(§) = o2 Further, let

noise*

fi‘sj and u;; be the i-th data point and j-th data channel of the recorded data and
underlying signal respectively, and let d;; be a realization of the noise 6. Then,

f6 E‘
6

Using this, we find the probability that for data channel j the recorded data ff were
generated from the underlying signal u;:

P(f1u) =TIP (55 = 15— uy)

5 )’
=11 o —<f2202 um) (B.6)

i OnoiseV 2m noise

Subsituting equation (B.6) into the variational formulation of equation (B.5), we
find

, (B.7)

U = arg Hzlén [Z; (ff — uij>2 + BR(u)

where all relevant constant terms are accounted for in the constant 5. Now scaling
equation (B.7) with the total number of data points n; and letting n; — oo, we
arrive at a continuous limit for the data discrepancy term:

dny g (o) =3 [ (o) e o

where the integral is over the time duration of the recorded data. Summarizing all
the above, we have arrived at an asymptotical variational model:

Uy = argn&ij_n [; / (fj‘-S — uj>2dt + BR(u)] . (B.9)

We conclude that in case of additive Gaussian noise, a natural choice for the data
discrepancy term is the L?-norm.
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Appendix C

Solving the classical Potts
problem

The problem we are trying to solve in section 5.4.2 is a classical L2-Potts problem
of the form

Py =7 Vully + [lu— f||3 = min. (C.1)

For univariate data, this problem can solved fast and exactly using dynamic pro-
gramming [11,13,19,40].

The basic idea is as follows. Let f = (f1,...,fn) be a data vector. A mini-
mizer for the functional C.1 can be computed if the minimizers of the partial data

(f1),(f1,f2),---,(f1,..., fn—1) are known. The partial minimizers can be calculated
in the following way. Let u',u?, ..., 4" ! be the respective minimizers for for the
partial data. To compute a minimizer for the complete data (f1,..., fn—1), we cre-
ate a set of n candidates v', ..., v™, where each candidate has length n and is of the
form

v = (T i, i) (C.2)

—_——
length n—i+1

Here «° is an empty vector, and p;., is the mean of the partial data Jiim) =

(fiy-- -, fa). Of these minimizer-candidates v%, the one with the lowest Potts func-
tional value is a minimizer for data f;.,). This solution can be calculated in poly-
nomial O(n?) time and O(n) space complexity [13].
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Appendix D

Test results

D.1 Recognition of lifting activities: complete data set
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ori\pred | Down Left Right Sit Squat Stand Stoop Walk D # originals

Down 30 0 0 0 2 0 0 1 0 33

Left 0 9 0 0 0 0 0 0 0 9
Right 0 0 7 0 0 0 0 0 0 7

Sit 0 0 0 4 0 0 0 0 0 4
Squat 0 0 0 0 8 0 0 0 0 8
Stand 0 0 0 0 0 14 0 0 1 15
Stoop 0 0 0 0 0 0 9 0 0 9
Walk 0 0 0 0 0 0 0 36 1 37

R o o o o o0 2 2 1 Total: 5

Table D.1: Recognition results after a flat start initialization on the complete lifting data set, obtained for n = 11 states
after seven Baum-Welch iterations.
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ori\pred | Down Left Right Sit Squat Stand Stoop Walk D # originals

Down 30 0 1 0 1 0 0 1 0 33

Left 0 7 0 0 0 2 0 0 0 9
Right 0 0 7 0 0 0 0 0 0 7

Sit 0 1 0 1 0 0 0 2 0 4
Squat 0 0 0 0 6 1 0 1 0 8
Stand 0 0 0 5 0 10 0 0 0 15
Stoop 0 0 0 0 0 2 7 0 0 9
Walk 0 0 0 0 0 0 0 37 0 37

R 9 5 0 24 3 59 2 304 Total: 406

Table D.3: Recognition results after Potts initialization on the complete lifting data set, obtained after seven Baum-Welch
iterations. Because of the enormous amount of insertion errors the results are worthless.
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