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Abstract
With the growing phenomenon of an aging population, an increasing number
of older people are living alone for domestic and social reasons. Based on this
fact, falling accidents become one of the most important factors in threatening
the lives of the elderly. Therefore, it is necessary to set up an application to de-
tect the daily activities of the elderly. However, falling detection is difficult to
recognize because the “falling” motion is an instantaneous motion and easy to
confuse with others.

In this thesis, three data mining methods were employed on wearable sensors'
value; first which contains the continuous data set concerning eleven activities
of daily living, and then an analysis of the different results was performed. Not
only could the fall be detected, but other activities could also be classified. In
detail,  three  methods including Back Propagation  Neural  Network,  Support
Vector Machine and Hidden Markov Model are applied separately to train the
data set.

What highlights the project is that a new idea is put forward, the aim of which
is to design a methodology of accurate classification in the time-series data set.
The proposed approach, which includes obtaining of classifier parts and the ap-
plication parts allows the generalization of classification. The preliminary re-
sults indicate that the new method achieves the high accuracy of classification,
and significantly performs better than other data mining methods in this experi-
ment.

Keywords: activities of daily living, wearable sensor, neural network, Support
Vector Machine, Hidden Markov Model.
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Terminology

Acronyms

ANN Artificial Neural Networks

BPNN Back Propagation Neural Network

GDA Gradient Descent Algorithm

HMM Hidden Markov Model

IoT Internet-of-Things

NBM Naive Bayes Model

OLS Ordinary Least Square

RVM Relevance Vector Machine

SMO Sequential Minimal Optimization

SVM Support Vector Machine

Mathematical notation

(x i , y i) the ith training example

W ij
(l ) the weight  between the j th unit  in  the  l th layer

and the ith unit in the (l +1)th layer

bi
(l) the ith bias unit in the (l +1)th layer

ai
(l) the ith activation value in the (l +1)th layer

nl the output layer
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1 Introduction
This is a master thesis aiming to improve data mining methods for better accu-
racy of recognition and classification of the continuous data set that is sampled
by wearable sensors, mainly to detect elderly falling and their daily activities.
The results of using three existing data mining methods will be compared with
the improved method.

1.1 Background and problem motivation
With the growing phenomenon of an aging population, the amount and scale of
public facilities serving the elderly are no longer satisfying the society's  de-
mands. Meanwhile, for subjective and domestic reasons, an increasing number
of elderly people are choosing to live alone, these people  are called “empty
nesters”. According to the Chinese official report in 2013, the number of elderly
people  has  reached  2.02  billion,  and  there  are  more  than  1  billion  “empty
nesters” [1]. Therefore, how to take care of these people has become a focus for
society in recent years.

Due to physique and inevitable reasons, “falling” becomes one of the most cru-
cial factors threatening the elderly’s lives when living alone. According to re-
search, about 10% to 15% of falls will threaten the elderly’s lives and more than
one-third of people over 65 fall down at least once every year [2]. Other conse-
quences of “falling” consist of major soft-tissue injury or fracture.  Therefore,
the early detection of falls is essential to rescue the elderly and avoid a bad
prognosis [3]. 

This being the situation, it seems that there are two feasible solutions. The first
one is to observe the daily life of the elderly using real-time and full-directional
cameras; however, it seriously violates the elderly’s privacy. The second one is
to equip the elderly with an emergency button. In case of emergency, the elderly
presses the button to call for help, however, if they have lost consciousness and
are unable to press the emergency button, it would end badly. 

Luckily, with the development of mobile computation and increasingly links be-
tween software and hardware, a growing number of novel technologies, such as
Internet-of-Things, has changed people's daily lives, to the better, by increasing
convenience. The wearable sensors are regarded as one of the most basic equip-
ments to build smart health detection systems because people have paid more
attention to their health than before. 

As a result, wearable sensors are so popular that they play a more and more im-
portant role in daily life, particularly in the health detection domain. Many re-
searchers have started developing mobile applications linked to wearable sen-
sors, whose applications are mostly detecting people’s heart rate, drawing the
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variation of blood pressure, whether the breathing is even, whether the sleep
quality is good or not, etc. However, the wearable sensors are gradually enter-
ing our lives, trying to protect our health in a more efficient, convenient, exten-
sive and smart way. According to the classification of wearable sensors, there is
one kind of sensor called position sensor which could record the actual coordi-
nate values and send these data to the terminals. 

Based on the previous condition, data mining methods could be used to analyze
the sensor data sampled by the position sensor someone wears, recognize and
classify  people's  different  activities  which  makes  remote  detection  possible,
aiming at the elderly. However, how to connect sensors with the terminal, how
to process the continuous data set, which data mining methods are more suit-
able  for these types of problems,  since there are  already a few data  mining
methods that are used to deal with sensor data, how to improve the accuracy of
recognition and classification, such issues will be the challenges we will be fac-
ing. 

1.2 Overall aim
With the development and persistent evolution of different data mining algo-
rithms, their application fields have come to cover several domains, such as ob-
ject classification, clustering, statistical learning, association analysis, and link
mining and so on [4]. These depend on the attributes of data set and the goals
the users want to achieve. Based on my research domain, the overall aim of the
project is to study these data mining methods and to understand on how  and
when to use them. Meanwhile, searching for a suitable and meaningful data set
is the second step of the project, and then applying these different data mining
methods to classify different people's daily activities. Based on the classifica-
tion results, analysis reports will come forth, containing comparison of different
data mining methods, such as classification accuracy, running speed, computa-
tion complexity, etc. The focus of the project is that some practice and exten-
sions will  be aimed at  how to improve the accuracy in detail,  to be proved
through the usage of the original data set. To summarize, the project aims to
employ several data mining methods on the continuous data set to classify dif-
ferent activities, propose an improvement of the classification results, and then
try to make an extension work.

1.3 Scope
This project aims to improve data mining methods on the time-series data set,
mainly to detect the elderly falling and their daily activities. In the present mar-
ket, there is a detection system using several sensors which detects acceleration.
It could judge emergency based on the changeable values of acceleration that
are not very accurate because acceleration is transient. In this project, this draw-
back will be overcome by judging different behaviors and activities from real
coordinates.

In detail, three data mining methods are used to deal with the continuous data
set including back-propagation Neural Network, Support Vector Machine and
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Hidden Markov Model. Not only could falls be detected, but also other activi-
ties could be classified. At this point, the task is not only to make use of them,
but also to perform several analyses of different data mining methods and com-
pare them in detail.

The main aim of this project is to design a new method by combining two exist-
ing algorithms through the accuracy threshold set, and then try to accomplish a
better classification result. This project also implements a function where in-
putting a continuous data set ready to be tested, the system is able to tell its ac-
tivity classification as accurately as possible.

1.4 Concrete and verifiable goals
This project mainly aims at the usage of several data mining methods and im-
proves classification accuracy. The concrete and verifiable goals are:

1) Research the detection of the movement “falling” and people's daily activi-
ties.  Summarize  these  concepts,  theories,  implementations  of  different  data
mining methods and how to improve them. Learn to analyze the results and de-
cide what is needed to improve the results. 

2) Analyze the continuous data set and high-frequency sampled by the wearable
sensors. Based on the attributes and dimensions of the data set, some pre-pro-
cessing work like increasing or decreasing the dimensions of data sets are indis-
pensable to achieve the better accuracy.

3) Study several data mining methods in-depth and choose several appropriate
algorithms to classify the data set. Meanwhile, software running platform has to
be selected.

4) Evaluate the results and compare with different data mining methods on the
algorithms' advantages and disadvantages, accuracy of classification, running
speed, algorithm complexity, etc.

5) Propose a new method to increase the accuracy based on the former data set
and make the new method further applicative on different data sets, which will
be the most crucial part of this project.

1.5 Outline

The structure of this thesis is described as follows. Chapter 1 introduces the
background and problem motivation of the research, and gives the brief intro-
duction to the overall aim, scope and concrete goal. Chapter 2 introduces the
concept of machine learning, data mining algorithms used in this paper, and re-
lated works; furthermore, a few other machine learning algorithms are intro-
duced that can be employed to handle this data set as well. Chapter 3 introduces
the methodology of  this  project,  mainly presenting the  steps  and challenges
which the project will be facing, in addition to analyzing what has to be done,
the  reason for  choosing these  methods and how to  deal  with  the  problems.
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Chapter 4 introduces the data set, the data pre-process ways, the specific algo-
rithms and theory of  the three data  mining methods which include artificial
Neural Network, Support Vector Machine and Hidden Markov Model. Chapter
5 introduces the classification results of using the three data mining methods,
the performance analysis of three methods, a suggestion for how to improve the
classification rate and extension.  Chapter  6 introduces the conclusion of the
project and proposes directions of future work.

4
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2 Theory
This chapter provides a broad introduction to the data mining algorithms that
are used in this project and related works. Furthermore, some of the machine
learning algorithms mentioned in the related works chapter, are introduced in
this chapter, which could also be employed to handle these problems.

2.1 Machine Learning
Machine learning is a scientific discipline using computers to learn from data
and transform data into useful information to obtain new knowledge and new
skills  [5]. There are more modern definitions of machine learning a computer
program could learn from experience E with respect to task T and performance
measure P, if its performance on T, measured by P, improves with E [6].

Machine learning is an important branch of computer science originating from
artificial intelligence and strongly connected with statistic models and mathe-
matical methods. Sometimes, machine learning is close to data mining; how-
ever, they are different in nature. Data mining has more to do with the usage of
databases or data warehouses, the application of existing algorithms, data wash-
ing, the analysis of data and the visualization of data, while machine learning
focuses on the statistic model and errors, including empirical errors and struc-
tural errors [7]. Machine learning concentrates on the research of these two er-
rors, through which the subject of statistics easily permeates machine learning
and helps the user to make a better decision. 

Machine learning includes four parts: supervised learning, unsupervised learn-
ing, learning theory and reinforcement learning [8]. Through mastering learning
theory, it gives you a better understanding of how and why the learning algo-
rithms work, and how to apply to these algorithms as effectively as possible,
which is the beauty of machine learning. In the reinforcement learning frame-
work, machine learning provides reward functions, which assess the learning
agents' actions when doing well or poorly. Usually the agents are robots or self-
learning helicopter, etc.

2.1.1 Supervised Learning

Supervised learning is a kind of machine learning method. Let's assume that
x i is to denote the “input” variables, which is also called input features, while
y i is to denote the “output” variables, which is also called target feature. A

pair (x i , y i) is called a training example. Each training example is a pair con-
sisting of input variables (mostly a vector) and a corresponding output value.

To describe the supervised learning formally, the goal is, given the training data,
to learn a function called hypothesis so that h( x) is a good predictor for the
corresponding value of the target value. A supervised learning algorithm ana-
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lyzes the training data and produces an inferred function that is used to map
new examples. See Figure 2.1.

Figure 2.1: Process of supervise learning [9]

When the target variable which we want to predict is continuous, these prob-
lems are also called regression problems. However, when the predicted y is
only able to take on a small number of values which are discrete, these prob-
lems are also called classification problems.

2.1.2 Unsupervised Learning

Unsupervised learning is another kind of machine learning methods attempting
to find hidden knowledge or natural partitions in the unlabeled data. Let's as-
sume that x i is to denote the “input” variables, however there does not exist
the “output” variables, the goal is to divide these input variables into several
groups without reward function [10].

Unsupervised learning also contains many algorithms to solve these kinds of
problems, such as the k-means clustering algorithm, the EM (Expectation-Max-
imization), principal component analysis and so on, where principal component
analysis is used to summarize and seek important features of data; furthermore,
it also helps to lower the dimensions of the data set.

2.2 Artificial Neural Networks
Artificial neural networks are units of statistical learning algorithms inspired by
the biology domain. They basically imitate the structure of nerve cells which
consist of several axon terminals, axons, dendrites and nucleus. Therefore, arti-
ficial  neural networks are  generally presented as a system of interconnected
nerve cells that are able to calculate results from input values. They deal with
problems and realize special functions just like the human brains [11]. Since the
1980s, artificial neural networks have had a wide application in the nonlinear
system, optimization and pattern recognition, especially back propagation neu-
ral networks.

A back propagation neural network is composed of forward and back propaga-
tion that contain input layers, hidden layers and output layers. In detail, forward
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propagation means that the input signal from input layer, through hidden layer,
is propagated to the output layers, and on the condition that the output layer
gets  the  expected  results,  the  algorithm will  end  [12].  Otherwise,  the  error
would be back propagated through the original connection route, whose task is
to adjust the values of weight, which is used to connect two neighbors' layers
and bias in different layers. Gradient descent algorithm is used to make the er-
ror  sum of  squares  least,  which  is  an  optimization  method  and  a  common
method of training artificial neural networks. See Figure 2.2.

Figure 2.2: BP neural network's structure

2.2.1 Main Steps of BP Neural Network

The main algorithm of the BP neural network is the Gradient Descent algorithm
which is a universal algorithm in the machine learning domain. The main task is
to look for the minimum value to solve the optimization problem. There are
seven main steps of BP neural network, and these functions are packaged in the
Matlab toolbox. Here, the black box of how it works will be opened.

1) Set initial coefficients' weight and bias for the random nonzero values. Nor-
mally, Gaussian distribution would be chosen where the mean equals 0 and the
standard deviation equals 0.01. If all the initial values of weight and bias equal
0, it will cause all the hidden layer to get the same function, that is to say, all the
weight and bias will get the same value, which makes no sense.

2) Input the normalized training data set, meanwhile, the values of output are
input as well. Eq. (1) means the ith training data.

 (1)
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3) Set the number of hidden layers, the number of training data, the number of
test data and other parameters of the model. It is important to choose a reason-
able number of hidden layers, and the empirical formula was used to get the pa-
rameter which is accepted by the academia that is represented by Eq. (2). As
usual, the training data occupies 80% and the test data occupies 20% of the data
set. Meanwhile, learning rate should be set,  which is like walking downhill,
usually, it would be set at 0.1. Furthermore, the training precision, the time of it-
eration and so on could be set if you do not want to use the default ones.

  (2)

4) Set the activation function.  The activation function is  used in the hidden
layer and output layer to compute the value of activation and the choice of acti-
vation function directly affects the final results. Usually, the Logistic function
was chosen, which is like Eq. (3). To explain why the Logistic function is bet-
ter, four reasons could be listed. 1) The function is monotone increasing; 2) the
function is continuous and smooth; 3) the function could balance the linear one
and nonlinear one by setting the value of θ ; 4)  the function must be deriva-
tive because when the error propagates back, derivative calculation will appear.

 (3)

5) Compute the first-propagation predicted result and the values of target func-
tion. Now, we enter into the training part. For the first propagation, the different
values of activation will be calculated one by one according to the Eq. (4).

 (4)

However, because the values of weight and bias are random, the final value of
prediction may have a low accuracy. Eq. (5) could be used, which is also called
target function, to get the error.

  (5)

Here,               is the first prediction result. From Eq. (5), we also get the main
idea of BP Neural Network, which is to minimize the error sum of squares.

6) Back propagation of error from the output layer to the hidden layer and ad-
just the weight and bias. This work is important for the whole model. According
to the target function and gradient descent algorithm, these parameters have to
be adjusted, which are weight and bias, to make the value of target function
minimum [13].
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The formula to compute the error of output layer is like Eq. (6), (7), (8) and Eq.
(9).

(6)

                 

 (7)

(8)

(9)

The formula to compute the error of the hidden layer is like Eq. (10), (11).

(10)

(11)

To adjust the weight from different layers, Eq. (12) will be used.

(12)

Describing Eq. (13) in detail, here                is also the bias, the function of
which is to prevent overfit.

(13)

Meanwhile, the bias needs adjustment as well. See Eq. (14), (15).

(14)
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(15)

The next step is to enter the two error items in the formula Eq. (16), (17).

(16)

(17)

7) Iteration of the former steps until the error is less than ε or m times of itera-
tion where m is the number of the training example. The whole process is de-
scribed in Figure 2.3.

Figure 2.3: Flow chart of BP neural network
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In addition, other details should be listed. According to the activation function,
the final result is between 0 and 1 like Eq. (18), and how to get the final classi-
fication result will be a problem. When training the data, the state was trans-
formed into the numeric types, and the idea of normalization is also employed
in the toolbox.

 (18)

2.3 Gradient Descent Algorithm
Gradient descent algorithm, also known as steepest descent algorithm, is an op-
timization algorithm that tries to look for one local optimization solution and
several parameters (usually vectors) of a function [14]. In other words, one of
this algorithm's tasks is to solve the ordinary least square problem.

In this algorithm, we start with a few initial parameters and keep changing the
parameters to reduce the error (the difference between the actual value and pre-
dicted value) until we end up with the minimum value. Let's assume that the
process of gradient descent algorithm is just like when someone walks downhill
and tries to find the lowest place. Here, one parameter of this algorithm is the
learning  rate,  just  like  the  length  of  steps  when walking  downhill.  Imagine
standing on a hill, turning 360 degrees and to decide which way would be the
quickest way down, keeping your steps the same length all the way down. This
scenario is similar to how the algorithm works.

However, because of the fact that the learning rate is manual, the gradient de-
scent algorithm may become a problem in terms of the local minimization. In
other words, the gradient descent algorithm may converge to local extremum,
which is the disadvantage of the gradient descent algorithm, so is back propaga-
tion neural network.

2.4 Support Vector Machine
The support vector machine learning algorithm is regarded as one of the best
“off-the-shelf” supervised learning algorithms. Here, the word “off-the-shelf”
means this is the classifier which can be used without modification. In other
words,  at  the data  application layer,  SVM, non-linear  classifier,  will  usually
lead to a result with a lower error rate. For a better understanding of how SVM
works, the theory of SVM can be divided into four parts, functional and geo-
metric margins, the optimization margin classifier, kernel function and sequen-
tial minimal optimization algorithm [15].

The optimal classifier was defined which is the precursor to SVM. Before this,
preliminary knowledge will be listed for a better understanding of the optimal
classifier. Start by formalizing the functional margin and geometric margin. 
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2.4.1 Functional and Geometric Margins

In support vector machine, we could assume that there is a hyper plane which
classifies two kinds of data (just to assume the number of classifications is two),
and how to compute such an accurate plane is the duty of two margins. In the
layer of functional margin, through the functional computation, we have to mul-
tiply y i (both sides of the plane) and the expression of hyper plane large. The
larger the result is, the more confident we say that the hyper plane is what we
want to obtain. In the layer of geometric margin, the main job is to look for sev-
eral points called support vectors, which are the closest to the hyper plane from
both sides, and then let the points be far away from the hyper plane. Both mar-
gins have the same functions; they look for the hyper plane, usually, the geo-
metric margin is more widely used than functional margin because that is where
you will find the unit vector, which makes the results more reliable.

Functional margin is the product of the hyper plane, and the output value and
the hyper plane is the margin between different classifications and the formula
is like Eq. (19). The purpose is to make the functional margin larger. Mean-
while, if the value of the functional margin is larger than 0, we could say that
the classification of ith is correct. For the whole data set, the functional mar-
gin is like Eq. (20).

(19)

(20)

Geometric margin is more of a visual explanation of margin, which means the
distance between A and the plane. Point A is the training data and B is the hyper
plane. For one point (x(i) , y(i)) , the geometric margin is like Eq. (21). 

(21)

From the Eq. (21), we can also conclude that the margin depends on the param-
eter of w and b. See Figure 2.4. Vector w⃗ /||w|| is a unit-length vector. For the
whole data set, we want to make the geometric margin lager, like Eq. (22).

(22)
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Figure 2.4: Definition of geometric margin

2.4.2 The Optimal Margin Classifier

The optimal margin classifier is used to compute the geometric margin and sep-
arate the positive and negative training examples. The target is to maximize the
geometric margin restricted to constraints. At this point, we set the multiplica-
tion of y i and the expression of the hyper plane to equal 1 or greater than 1
where  the  geometric  margin  equals  1,  and  then  compute  the  parameters
(w ,b) to determine where the hyper plane is.

At this point, when dealing with the optimization problem, we have to use the
Lagrange multiplier, which is the method used to solve the optimal problem
with several constraints, including equation and inequality. Furthermore, primal
problem and dual problem are used to simplify the problem because through the
dual problem, the optimization problem can be solved by the SMO algorithm.

Therefore, the definition of the optimal margin classifier came into being. Let's
assume that the geometric margin equals 1. The expression is like Eq. (23). In
other words, the goal of classifier is to adjust the parameter of w and b and
make the geometric margin maximum.

(23)

To solve the Eq. (23), we have to use the Lagrange multiplier  which is  the
method used to solve the optimal problem with several constraints (equation
and inequality). Here, we set Lagrange multiplier to α i and the parameter is
w and b. See Eq. (24).

(24)
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According to the Karush-Kuhn-Tucker condition [16], in most cases, the equa-
tion satisfies Eq. (25), which means that this training point is not the closest to
the hyper plane. If α i≠0 , it means that this point is the closest to the hyper
plane and the functional margin equals 1. These points are called support vector.

(25)

Primal problem and dual problem are used to solve these kinds of problems, af-
ter which derivative computation is executed, however, it is not the main goal
of this project.

2.4.3 Kernel Function and Soft Margin SVM

In some cases, the data set cannot be linearly classified and we have to map the
feature into a higher dimension or infinite dimension so that the data set can be
classified. Here, we need to use mapping functions to represent feature vectors
which are replaced with the input data. For more efficient computation and less
usage of memory, the kernel function is introduced. This is one benefit of the
SVM. It transforms inner products into kernel functions and enables the algo-
rithms to run in mapping functions. The kernel function could be divided into
different types, such as linear kernel, Gaussian kernel, radial basis function, etc.

Soft margin SVM means that when the classification works are poor because of
“dirty” data, it could allow errors to occur and guarantee that most of the data
set is correct [17]. 

2.4.4 Sequential Minimal Optimization algorithm

The sequential  minimal  optimization  algorithm provides  an efficient  way to
solve the dual problem arising from the derivation of the SVM [15]. The spe-
cific  difference  between  using  and  not  using  SMO  reflects  the  constraints,
meanwhile,  the coordinate ascent is used to solve the optimization problem.
This is the dual optimization problem constraint that has to be obeyed:

  (26)

From Eq. (26), we could draw the conclusion that if we only change the value
of one α to guarantee the maximum condition while the expression of dual
problem is an equation. Therefore, the SMO algorithm tries to change two val-
ues of α at the same time and find the optimal results by using coordinate as-
cent algorithm. However, it is the meaning of “minimal”, that changes the mini-
mal amount of α to satisfy the equation constraint at the same time.

When dealing with dirty data or outliers, SVM employs the SMO algorithm.
The equation is like Eq. (27). The algorithm allows errors to occur which would
effect the final result. When it comes to the algorithm itself, if we only change
the  value  of  one α to  guarantee,  it  is  impossible  to  satisfy the  constraint.
Therefore, the SMO algorithm tries to change the values of two α at a time
and  find  the  optimal W (α) by  using  coordinate  ascent  algorithm.  On  the
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other hand, it is the meaning of “minimal”, which changes the minimal amount
of α to satisfy the equation constraint. 

(27)

2.5 Hidden Markov Model
A hidden Markov model (HMM) is a probabilistic model for modeling and rep-
resenting biological sequences [18] which are assumed to be a Markov process
added to the unobserved states (also called the hidden states). HMM can solve
three kinds of problems: evaluation problems, decoding problems and learning
problems. HMM is applied in several fields, such as finding gene series, com-
putational linguistics, voice recognition, etc. 

When it comes to the difference between Markov chain models and HMM, the
obvious difference is whether the observed state is visible. In Markov chains,
states, which are discrete and just like time, are directly visible to the observer
and then the state transition probability is the only parameter. However, in the
hidden Markov model, the only state is not directly visible; instead, it has two
states called observed states and hidden states. The connection between the hid-
den states and the observed states is called emission probabilities and the sum
within each state equals 1. Certainly, HMM basically has the state transition
probability connecting two different hidden states, which is the same as Markov
Chains models.

The Viterbi algorithm can be divided into five parts, however a detailed imple-
mentation of the Viterbi algorithm is not important to project and will only be
briefly introduced.

First, the input data set is prepared for a tested sequence. Secondly, the state
transition matrix is initialized and the sum will be 1.

The third step is iteration. Eq. (28) shows the computation of the value for each
state j and ending at position i before proceeding to position i+1. Eq. (29) speci-
fies a back pointer, which tells us which state they came from in the previous
time pointer, which allows us to recover the most likely states [18].

(28)

(29)
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The fourth step is termination. Its function is to find the likelihood of the most
likely parse by taking the maximum over all states k at the end of the sequence.
See Eq. (30). 

(30)

The fifth step is traceback. The aim of this step is to start the traceback for the
actual parse from the termination result. See Eq. (31), (32).

(31)

(32)

2.6 Radial Basis Function
Radial basis function belongs to neural networks fields, and it consists of input
layers, hidden layers and output layers, which are developed to facilitate train-
ing by supervised learning algorithms based on gradient descent  [19]. Radial
basis function is regarded as a type of curve-fitting problem in the high dimen-
sions. The aim of the training is to look for a curve that perfectly matches the
training data. When testing a new data set, it just uses the trained curve to deal
with the problems such as classification, regression, etc. Radial basis function is
also one of the kernel functions in SVM which handles the non-linear data set.

2.7 Related Works
B.Kaluza et al. [20] built a multi-agent system for the detection of the elderly's
activities. They designed the system to display whether the emergency alarm
went off when it detected emergencies, such as tripping, fainting standing and
sliding from the chair. The prototype was tested by recording five people and
each scenario was tested five times so that there were 25 continuous records to-
tally. They used machine learning agents to train and test the data. Meanwhile,
another aspect had to be considered, namely that there were several interference
states, such as jumping in bed, sitting down quickly, and searching for some-
thing under a table or a bed. As a result, by using machine learning agents, the
original  results  did not  play very well.  The most  important  item “tripping”,
known as “falling”, only had a 40% accuracy.

Gabriele Rescio et al. implemented a One-class Support Vector Machine classi-
fier for the elderly falling. They used a tri-axial wearable wireless accelerome-
ter  which  contained  three  axes  ( (Ax , A y , Az) ),  connecting  with  ZigBee
equipment to obtain sensor data. The main process can be divided into 7 steps,
including data acquisition, noise filtering, data pre-processing, system calibra-
tion, feature extraction, classification and filtering by voting. The key contribu-
tion of these steps was system calibration. They let the examiner wear the sen-
sors while standing still for 10 seconds. If the initial measured values were dif-
ferent from more than 30% from the expected values, it is an indication that the
sensors are in the wrong place and had to be moved. The author also compared
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it with different kernel functions dealing with the inner product, such as linear
kernel,  polynomial  kernel,  Gaussian  kernel,  radial  basic  function kernel  and
Sigmoid kernel; however, the system was only able to judge whether the deviat-
ing situations are a result of the variation of the acceleration, but it could not tell
the different activities apart because similar motions could be misinterpreted
emergency [21].

Y. Choi et al. worked on the fall detection and movement classification. Differ-
ent about their work was that they distinguished four kinds of fall trajectories
consisting of forward, backward, left and right, and separated three normal ac-
tivities:  standing,  walking  and  near-fall  situations.  They  handled  the  whole
process in five steps, collecting data set and generating proper training data, se-
lecting algorithms to tell different activities apart, lowering the dimension of the
data set (in other words, the pre-processing of data set), generating the updated
data set and implementing the whole process. The data consisted of 3,582 data
items distributed into 597 rows and 6 columns, which was the reason why the
lowering of the dimension of the data set was needed. The author chose five
machine learning algorithms to build the models, and the results showed that
the Naive Bayesian algorithm was best. What the paper lacked was compar-
isons between different algorithms [22]. 

Lina Tong et al. tried to build the hidden Markov model to detect and predict
falling by using tri-axial accelerations. They were of the opinion that the angle
error calculated from tri-axial accelerations might be one of the reasons to why
falling was misinterpreted because the output contained not only the body's ac-
celerations but also gravity. Based on these facts, an idea emerged that the angle
calculation was discarded and acceleration time series (ATS)  was used to de-
scribe the activities of users which consisted of information within a period of
time. HMM is a great algorithm to build stochastic process mathematical model
to explain different features of time series. Most importantly, they not only de-
tect falls that differed from one another, but they were also able to predict falls.
The whole process can be divided into five parts, gaining training data of activi-
ties in daily life, extracting the useful data representing motions and making up
ATS which characterized the process of motion, setting several parameters and
building HMM, setting thresholds  and beginning to  detect  and predict  falls.
However, different kinds of people have different ATS of each motion and the
system was not generative, just like the various reflections between the young
and the elderly [23]. 

Tong Zhang et al. [24] used a novel method to detect falls, which was based on
one-class SVM. They also used a tri-axial accelerometer to record the activities.
The main contribution of this project was that it had a sufficient pre-process
which included getting rid of noise, dividing a series of falls into several parts
based on the facts that one falling motion was completed within 0.4-0.8 sec-
onds, choosing the point which has maximal difference and getting input vari-
ables.  As a  result,  when one-class  SVM was used,  fall  recognition was im-
proved. This project managed to make improvements in the pre-process, how-
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ever, it also increased the complexity of the calculation, especially in the pre-
process stage. I.e., improving the accuracy led to a loss of speed and memory.

Olukunle Ojetola et al. analyzed the existing fall detection system and came to
the conclusion that it had some problems, such as there being little evidence
that the threshold-based method could be applied well when dealing with differ-
ent subjects and various data methods and scenarios. Furthermore, the system
did not seem to deliver robust fall in real-time. Based on these facts, the authors
came up with the idea of using machine learning algorithms, especially decision
tree, to classify four kinds of falls, including forward, backward, right and left.
They focused on collecting the activities of daily living (ADLs) and the falls.
From the fall annotation for a series of time, it was noted that there was a great
shake in the acceleration sensor. Their project included three parts, data pre-
process, machine learning and result achievement. In this project they had lot of
training data which helped them improve reliability, while at the same time it
was also obvious that the implementation of the decision tree was not real-time
[25].

Mei Jiang et al. proposed a context-based fall detection system by combining
HMM with relevance vector machine (RVM). They did this in two steps. The
first  step  covered  motion  analysis,  which  extracted  and  quantized  the  data
which was collected by different sensors, and then used HMM to evaluate the
motions. If the motion seemed to be a fall, the system would launch posture
analysis. It carried out further feature extraction and used RVM to classify the
motion. At the stage of further feature extraction, axial ratio, context informa-
tion and the estimation of height using homograph were performed. This used
two algorithms to filter the motion and made is more accurate; however, the
training data was not generalized so that the system was not widely used [26].

Qingbin Zhang et al. implemented the system to detect activities of daily living
(ADL) by using a neural network. They used the acceleration of the x, y, z coor-
dinates. A back propagation neural network was employed to train and test the
data  set.  Meanwhile,  they  used  sliding  window  models,  the  idea  of  which
seemed to be similar to the incision of the continuous data set. They tried differ-
ent values of sliding window width in order to find the best coherent motion.
Furthermore, the back propagation of the training error was also the best way to
minimum the error. As a result, their system had a satisfactory classification rate
[27].

2.8 Other Methods Mentioned In Related Works
Relevance vector machine (RVM) is one of the machine learning algorithms. Its
function form is similar to the support vector machine (SVM) which is to map
non-linear problems with the low dimensions into high dimension linear prob-
lems by the kernel function [28]. It is based on the probabilistic Bayesian learn-
ing framework while SVM is based on empirical risk minimization. Compared
with SVM, it not only obtains an arbitrary basis function, but also probabilistic
predictions. Its application includes text recognition, face identification, spam
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filtering, etc. The drawback of RVM is that it has a longer training time than
SVM.

Decision tree model is a decision support methods which is a tree-shaped graph
or model of decisions  [29]. In supervised machine learning, decision tree is a
prediction model, representing the mapping relationship between the objects.
Decision tree is a top-down structure where each node represents a class label
and each of its branches represents the classification of an attribute. It could be
used to analyze data and predict the data set. C4.5 and beyond (e.g. C5.0) are
two types of decision trees and the difference between them is the methods used
to choose the nodes' order [4]. The advantage of decision tree is easy to under-
stand and realize, however, it is hard and unable to deal with the continuous
data set and large amounts of classification.

Naive Bayes Model is a generative supervised learning algorithm which is a
family of probabilistic classifiers, based on Bayes' theory. Compared to the de-
cision tree model, Naive Bayes model is less sensitive to missing data. 

The highlight is relative to the Bayes' formula Eq. (33). If y is given and x i

is independent, Eq. (34) would be true. 

(33)

   (34)

These crucial  properties  make Naive Bayes model  widely used such as text
classification, clustering, regression, feature learning, etc. There is one classic
case using these properties, which is the spam classification and which demon-
strates a perfect result. Meanwhile, when the Naive Bayes model is employed,
the Laplace smooth method is usually used to optimize the final results so that
the result is more reliable.

2.9 Summary
When it comes to appropriate methods to use in the classification of daily activ-
ities recognition, the methods introduced in the former section are all suitable
because they belong completely to the supervised learning domain and able to
handle the classification problem.

Artificial neural network is one of the classical nonlinear machine learning al-
gorithms, through the back propagation of training error, adjusting to the con-
nection weight and the bias in different layers, and then getting the classifier.
Support vector machine is based on the kernel function when dealing with the
nonlinear problem. The kernel function is able to map the data into the high di-
mensions and classify them by the linear hyper plane. Hidden Markov model is
the promotion of Markov chains. It uses the observed sequences and Viterbi al-
gorithm to train and get predicted sequences. The advantages and disadvantages
of these three methods are discussed in detail in Chapter 5. 
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Relevance vector machine (RVM) is similar to support vector machine (SVM)
in the kernel function field. The main difference between them is that RVM is
based on a probabilistic Bayesian learning framework. The advantage of RVM
is that it does not need to set the penalty factor manually while the disadvantage
is that it takes more time to train. Decision tree is used to deal with discrete data
sets; their main task is to decide which attributes are important. The advantage
is that it  is simple to get the tree while the disadvantage is the optimization
problem and complex calculations if there are too many values. Naive Bayes is
based on Bayes theory, the advantage of which is that it is not sensitive to miss-
ing data and the algorithm is easy while the disadvantage is that when the num-
ber  of  attributes  is  lager,  the  efficiency classification  result  will  greatly  de-
crease.
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3 Methodology
The main task of this project is to pick out several data mining algorithms and
methods to detect and classify the falls of the elderly and other daily activities,
and then purpose a new idea for training and testing the data set to improve the
result,  which is the key point.  As we all  know, there are many data mining
methods to choose from which would be suitable and efficient is the first chal-
lenge of the project. In addition, like most papers focusing on this theme, the
pre-process of the data set is necessary as it plays an important role. In addition,
after observing the data set, how to distinguish the falling from other daily ac-
tivities such as sitting down, lying down and so on, is another issue. The main
aim of the project is to work on how to improve the classification accuracy
based on the existing methods while taking the computation and space com-
plexity into consideration.

The project includes five steps including an explanation of what has been done
and why these particular methods have been used.

The first step is to review papers which focus on the detection of falling and
daily activities. Related papers will be read and much research on the “falling”
detection system will be conducted depending greatly on the types and numbers
of sensors, the data set, the pre-process ways, suitable data mining algorithms
and how to improve the final accuracy which is based on the fixed algorithms.
To summarize the theory, implementation and result is the main task.

The second step is to analyze the data and choose the data pre-process methods.
The data set is downloaded from Machine Learning Repository, University of
California at Irvine which contains the sequential and time-series values of x, y,
z  coordinates,  the  identification  number  of  four  sensors,  the  activities,  etc.
There are several ways of data pre-process methods like Data Normalization,
Principal  Component  Analysis  (PCA),  Linear  Discriminant  Analysis  (LDA),
Locally Linear  Embedding (LLE) and so on,  among which the  principle  of
PCA, LDA and LLE are to lower the dimensions of the data set, and the princi-
ple of Data Normalization is to stipulate the scope of data to lower the influence
of “dirty” data, and the method of Data Normalization will be prioritized.

The third step is to choose suitable data mining methods to train the data set.
Several supervised machine learning methods will be selected because the data
set includes the input and output set. The back propagation neural network is
based on the gradient descent algorithm and applicable in the non-linear data
set.  The opinion that SVM is among the best “off-the-shelf” supervised learn-
ing algorithms is shared by most people, however, SVM non-linear classifier
would lead to a low-error result. Both the back propagation neural network and
SVM are based on a mathematical model. Meanwhile, HMM is based on the
probabilistic model for modeling and representing biological sequences, and the
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theory that the future point depends on the current point is appropriate for this
model. These methods could be implemented by using programming methods
such as Matlab or Octave. Of course, there are also lots of supervised learning
algorithms such as K-nearest neighbor (KNN), decision tree and Naive Bayes;
however, they mainly concentrate on the discrete data set.

The fourth step is to perform some experiments with the chosen data mining
methods and evaluate them. After using programming methods to realize the
recognition and classification,  it  is  necessary to evaluate  and compare these
methods in terms of the aspects of accuracy, computation complexity and their
advantages and disadvantages.

The fifth step is to find a way to enhance the recognition and classification re-
sult. Based on what has been done in the previous steps, to achieve improve-
ment is the key to this project.

To be able to complete the five steps, following steps have been taken.

In order to fulfill the goals of analyzing the data and choosing the data pre-
process method, to satisfy the input requirement, firstly having a comprehensive
understanding of what the data set contains and how to deal with it is needed. In
this project, the acceleration of each movement should be calculated through
the given values of x, y, z coordinates, which can increase the data dimensions
and make the classification more accurate because the accelerations can provide
the data with the orientation value, just like a vector. Secondly, data normaliza-
tion will be used to lower the difference of the data and prevent over-fitting.

In order to fulfill the goal of choosing suitable data mining methods to train the
data set, in-depth study of different suitable data mining algorithms is required
which include how they work according to the given data set, which parameters
they use, how to optimize the model, how to implement the algorithm based on
the existing programming methods, etc.

In order to fulfill the goal of evaluating and comparing these methods, the final
classification result should be listed, which contains the four sensors' results.
For other factors like computation complexity and running speed, they should
also be taken into consideration.

In order to fulfill the goal of find a way to enhance the recognition and classifi-
cation results, reviewing and summarizing the most recent papers and research
is required for the recognition of falls and daily activities, and then proposing a
practical idea which could be extended to a generalized form.
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4 Implementation 
This chapter is devoted to designing and implementing the whole recognition
and classification system. It mainly includes the description of the data set, the
data pre-process methods, the specific algorithms and theory of three data min-
ing methods consisting of back propagation neural network, support vector ma-
chine and hidden Markov model.

Figure 4.1 shows the general structure and operation flow of the system:

Figure 4.1: Structure of this project

4.1 Description of Input Data Set
The input data set's area is from the daily life domain, which is called the local-
ization data  for  person activity data  set  from Machine Learning Repository,
University of California at Irvine. The data were collected by the four wearable
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sensors which only record the localization and time of occurrence without the
usual acceleration attributes.

There are eight data set attributes in total, and the data set characteristics are
univariate, sequential and time-series.

The eight attributes consist of 1) sequence names: they recorded five activity
scenarios carried out by one person on average, and in total five people carried
out these scenarios so that the data set had 25 activities data sets, i.e. more than
164 thousand instances; 2) sensor identifications: they recorded the different
identifications of four sensors, in other words, each activity was recorded by
four sensors; 3) timestamps: these were unique and can become the primary key
in database; 4) action time: this is the time of occurrence, when the activity took
place and its format was data, such as dd.mm.yyyy. hh:mm:ss:sss; 5) x coordin-
ates of the sensors;  6) y coordinates  of the sensors;  7) z coordinates of the
sensors; 8) the states of activity: these were whole states which will be recog-
nized and classified, including walking, falling, lying down, lying, sitting down,
sitting, standing up from lying, on all fours, sitting on the ground, standing up
from sitting, standing up from sitting on the ground [30]. 

Figure 4.2: The four sensors' locations 

Figure 4.2 shows that four sensors are labelled and worn on the different parts
of the agent, including chest, belt, left ankle and right ankle from top to bottom.

When I first obtained the data set, it was saved in the “txt” format. A better plat-
form to deal with the data set was needed, so a table and four views were cre-
ated in SQL Server 2012, and then these data were transited into a database, as
shown in Figure 4.3 and Table 4.1.
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Figure 4.3: Data set in SQL Server 2012

Table 4.1: Structure of table: user_action in database 

Table: user_action

Name of column Type of data Primary key

userID Varchar

sensorID Varchar

timestamp Varchar Primary key

actiontime Datetime

xcoordinate Numeric

ycoordinate Numeric

zcoordinate Numeric

states Varchar

As Table  4.1 shows and based on the actual situation, the SensorID includes
four values which label four sensors (chest, belt, ankle_left and ankle_right). In
order to analyse each sensor's values, I have to classify them into four different
categories. Based on these factors, four views were created to separate them in
the database. See Figure 4.4.

Figure 4.4: Four views' structure
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The following tables show the overview of the data set containing ankle_left,
ankle_right, belt and chest on the basis of Table  4.2, Table  4.3, Table  4.4 and
Table 4.5.

Table 4.2: Data description of ankle_left

ankle_left Min Max Mean Variance

xcoordinate 0.1852 5.6217 2.8923 0.4961

ycoordinate -0.1228 3.9067 1.7317 0.1983

zcoordinate -1.4615 2.4465 0.2499 0.0690

Table 4.3: Data description of ankle_right

ankle_right Min Max Mean Variance

xcoordinate 0.1606 5.3456 2.8214 0.5420

ycoordinate -0.4760 3.9414 1.6775 0.1957

zcoordinate -2.5436 2.2163 0.2338 0.0627

Table 4.4: Data description of belt

belt Min Max Mean Variance

xcoordinate 0.0198 5.3913 2.8029 0.9825

ycoordinate -0.4789 3.9654 1.6839 0.2451

zcoordinate -1.9860 2.6011 0.5423 0.1223

Table 4.5: Data description of chest

chest Min Max Mean Variance

xcoordinate -0.2787 5.7582 2.7112 1.4208

ycoordinate -0.4944 3.9781 1.6931 0.2635

zcoordinate -2.0269 2.6061 0.6932 0.1877

From the former table, we get the following important information: 1) the vari-
ance is not very large, and the data set is relatively centralized, which is good
news for training the model; 2) negative numbers appear in the sensor values,
from which we learn that  the sensors need to  be initialized when the agent
wears the sensors for the first time; 3) the values of ankle_left and ankle_right
are almost the same, however, this reflects the authenticity of the data set.
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4.2 The Added Attributes— Acceleration
After reading several papers focusing on fall detection and daily activities re-
cognition, there is a common condition that most of the projects owned their
hardware which were able to obtain the acceleration value of each moment, and
these values help the projects decrease difficulty because acceleration values
could obviously show the track and orientation of the agent. This is based on
the theoretical layer.

Furthermore, based on the experimental layer, the result combining three co-
ordinates with three coordinates'  acceleration was better  than the result  only
containing three coordinates. In Chapter 5, whether the different results contain-
ing acceleration or not will provide evidence that the acceleration value could
improve the accuracy of  classification  and recognition.  These  are  two basic
reasons why acceleration value should be added to the training data.

To achieve this goal, four steps should be taken:

1) Add three columns to the database and map them into different views. Here,
based on the result, the columns xacceleration, yacceleration and zacceleration
joined table user_action whose type of data were “Varchar”.  Thus, the table
user_action has eleven attributes and the attributes of the input data set was in-
creased to six.

2) Theoretical support is needed to calculate the acceleration. According to the
physics conception, assume that one movement is a process of uniformly accel-
erated motion or uniformly retarded motion. Let's use the physical equation just
like Eq. (35).

    (35)

3) Cut the column of actiontime to get the time from this moment to next mo-
ment. Here, SQL query language was used to cut the actiontime from the format
“dd.mm.yyyy.  hh:mm:ss:sss”  to  the  format  “mm:ss:sss”  because  the  “dd.m-
m.yyyy. hh” is the same when acting in the continuous scenario. Meanwhile, a
new column called timestampCopy will be created. Figure 4.5 is an example of
what it looks like after data has been cut: 

Figure 4.5: The process of cutting the column “actiontime”
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4) Execute the calculation and get the acceleration of the x, y, z coordinates. Ac-
cording  to  Eq.  (35),  the  difference  between s1 and  s0 is  the  difference
between the neighbouring value of xcoordinate, ycoordinate and zcoordinate.
To achieve the acceleration, the data set was accessed in Excel 2007 because it
facilitates connection when the database and excel come from the same com-
pany. Meanwhile, it is not difficult to generate the formula in Excel and gain the
final results. Figure 4.6 shows a segment of the processed data set which adds
three accelerations.

Figure 4.6: Segments of processed data in Excel 2007

4.3 Data Pre-process
Like most  projects  about  machine learning algorithms, a data pre-process is
needed. According to the data set, a method such Principal Component Analysis
(PCA) or Linear Discriminant Analysis (LDA) is not appropriate because they
are always used to lower the dimensions of the data set, however, the original
data set only contains three numerical data and furthermore, according to  4.2,
three dimensions has been added to increase the accuracy. Thus, to lower the di-
mension of the data set does not work.

According to the learning theory of machine learning, when doing a project, we
aim for the results to be accurate, yet we are always faced with bias and vari-
ance trade-off, that is if you underfit your data set, high bias will occur while if
you overfit your data set, high variance will occur. In order to obtain a better
understanding of the data set, three-dimension pictures will be drawn, contain-
ing x, y, z coordinates. See Figure 4.7 and 4.8.

Figure 4.7: Description of ankle_left (red) and ankle_right (blue)
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Figure 4.8: Description of belt (green) and chest (pink)

From Figure 4.7 and 4.8, relatively speaking, we draw the conclusion that the
most data is centralized and represents most daily activities of the agent. How-
ever,  towards  the edge of  the four  pictures there are  points  which could be
called them the abnormal values or “dirty” data, which would disturb the data
fit.

After getting the whole component of data set, the data set was excavated in
depth, thus, more details could be mastered and the targeted work would be car-
ried out for data pre-process, which makes the classifier more accurate. There-
fore, the box-whisker plot was drawn for the data set to get the maximum and
minimum data, median and quartile which is an important method of data visu-
alization in the probability and stochastic process. In addition, the general scope
of the whole data set could be found.

Figure 4.9: Box-whisker plot of ankle_left
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Figure 4.9 shows that the quartile Q1 is the point of top 25% while the quartile
Q3 is the point of top 75% ordered by the data value. Median is the mid value
of the whole data set.

Here, we could use the value of Q1 and Q3 to calculate the outlier according to
Eq. (36) and Eq. (37). 

  (36)

     (37)

According to Figure 4.8, there are a few outliers in the angle_left data, which
could be disastrous when fitting and training. Figure 4.10 shows the same situ-
ations in the remaining three sensors: ankle_right, belt and chest, where there
are also lots of outliers, even though the situation for belt and chest are not too
bad. As a result, if this original data set was used to train the classifier, for the
sake of high accuracy, the model could be complicated with a higher degree of a
polynomial, and thus the phenomenon of overfit will occur based on the learn-
ing theory.

Figure 4.10: Box-whisker plot of ankle_right, belt and chest (left to right)

Based on above analysis, two ideas were developed that were able to handle the
former problem (high variance and outlier), first, lower the number of outliers,
and second, compress the data set and decrease the variance. The first idea is
not advisable because whatever the data is, it is still a part of the data set and
you cannot tell which data is clear or dirty without discarding them.

But, the idea of compressing the data set and decreasing the variance seems to
work. As for pre-processing, data normalization is an option. Data normaliza-
tion is the process of reducing data to its  canonical form [31] and set the data
into one interval which is controlled manually. 

The interval which is used to deal with the data set is [−1,1] and the formula
is like Eq. (38).

 (38)

Here,                     and                       .
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Luckily, Matlab provides a packaged function to deal with these problems, and
the command is “mapminmax”. See Table 4.6, 4.7, 4.8 and 4.9. Here variance1
is the variance before pre-processing and variance2 is the variance after pre-
processing.

Table 4.6: Data description of ankle_left after pre-processing

ankle_left Min Max Mean Variance1 Variance2

xcoordinate -1 1 -0.0041 0.4961 0.0671

ycoordinate -1 1 -0.0796 0.1983 0.0488

zcoordinate -1 1 -0.1241 0.0690 0.0181

Table 4.7: Data description of ankle_right after pre-processing

ankle_right Min Max Mean Variance1 Variance2

xcoordinate -1 1 0.0263 0.5420 0.0806

ycoordinate -1 1 -0.0250 0.1957 0.0401

zcoordinate -1 1 0.1670 0.0627 0.0111

Table 4.8: Data description of belt after pre-processing

ankle_right Min Max Mean Variance1 Variance2

xcoordinate -1 1 0.0362 0.9825 0.1362

ycoordinate -1 1 -0.0267 0.2451 0.0496

zcoordinate -1 1 0.1023 0.1223 0.0232

Table 4.9: Data description of chest after pre-processing

ankle_right Min Max Mean Variance1 Variance2

xcoordinate -1 1 -0.0095 1.4208 0.1559

ycoordinate -1 1 -0.0218 0.2635 0.0527

zcoordinate -1 1 0.1742 0.1877 0.0350

Base on these tables, the maximum and minimum values equal 1 and -1 respect-
ively. The means of the data set are greatly decreased. Above all, the biggest 
difference between the former and present one is the variance of the data set 
while the values of variance are almost less than 0.1, which make the data more 
convergent. 
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4.4 Back Propagation Neural Network
An artificial neural network model is a method of statistical learning algorithms
from the  biology domain  which  is  based  on the  topological  net  connection
structure, the nerve cell, learning rule and so on. So far, there have already been
about 40 kinds of neural networks, and what is needed in the project is in the
feedforward neural network domain called back propagation neural network.

4.4.1 The Number of Different Layers

The BP neural network model consists of input layers, hidden layers and output
layers, and they are connected with each other by weight. In the data set, the
number of input layers is seven, which contains xcoordinate, ycoordinate, zco-
ordinate, xacceleration, yacceleration, zacceleration, states (Note: here, states,
also called actual results, are input with six columns of values; however, when
computing the number of hidden layers,  the number of inputs should be six
rather than seven). 

The number of output layers is  eleven which contain  walking, falling,  lying
down, lying, sitting down, sitting, standing up from lying, on all fours, sitting
on the ground, standing up from sitting, standing up from sitting on the ground,
which are the results after prediction.

The number of hidden layers could be one or more. Whether the number of hid-
den layers is appropriate or not will have a considerable affect on the result. If
the model lacks hidden layers, the network cannot adequately express the rela-
tionship between the input and output and becomes hard to converge.  If the
model has too many hidden layers, the non-linear extent of the model will be
reinforced, which makes it difficult to express the relationship between the in-
put and output and may cause local minimum.

Here, L stands for the number of hidden layers, m stands for the number of in-
put layers and n stands for the number of output layers. So after calculation, the
number of hidden layers is 12 according to Eq. (39).  

   (39)

The whole structure of neural network is shown in Figure 4.11.
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Figure 4.11: Structure of neural network in this project

4.4.2 The Choice of Activation Function

The activation function will be used in the hidden layers and output layers to
compute the values of activation, and the choice of activation function directly
affects the final result. 

In this project, the Logistic function was chosen where          which is like Eq.
(40). The reason why      is set by 1 has two aspects. The first reason is that the
data set is nonlinear. If the value of      is too small, the Logistic function is just
like a linear function which is not capable of dealing with this problem. The
second reason is that when the value of      is too large, the Logistic function is
just like the Perception Algorithm, which is incapable of handling these prob-
lem. As a result,            is a common and default way to deal with the nonlinear
problem.

 (40)

4.5 Support Vector Machine
Nowadays, the computation platform of SVM mainly includes SVMlight and
LibSVM  [32].  LibSVM toolbox was created by vice-professor  Chih-Jen Lin
from Taiwan University and it  is  an efficient  and generative SVM software
package that is capable of solving the problem of classification, regression, esti-
mation of distribution, learning, etc. It also provides four kernel functions in-
cluding the linear, polynomial, radical basis and Logistic function.
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Here, this part will be divided into two. The first is an introduction to SVM, and
LibSVM will be described.

4.5.1 The Choice of Kernel Function

In this project, the data cannot be linearly classified, so the features have been
mapped into a higher dimension or infinite dimension, which made it easy to
classify, and so kernel function was developed. Meanwhile, when solving two
parameters, inner product was used to enable the computer to calculate effi-
ciently when training data was in the high dimension or infinite dimension.

Here,  the  radial  basis  function  was  chosen  as  the  kernel  function  which  is
widely employed in SVM training projects. It is perceived as the surface fitting
solution in the high dimension that is also a kind of neural network models. Its
expression is like Eq. (41) whose value only depends on the distance from the
origin.

(41)

4.5.2 Implementation in LibSVM

The steps of using LibSVM can be divided into six parts: (1) set path of Lib-
SVM for Matlab and test it; (2) pre-process the data set and input the correct
data set into the model; (3) choose the kernel function and other parameters; (4)
use cross validation to choose optimization parameter C; (5) train the whole
data set and get the model; (6) execute test and prediction.

LibSVM mainly includes three commands, these are svm-scale, svm-train and
svm-predict. Svm-scale is used for normalization of the data set and its default
set is the same as the method of pre-process (the data pre-processing has been
already completed), and the usage of svm-train and svm-predict is shown in Ta-
ble 4.10. There are some choices making LibSVM more flexible.

Table 4.10: Details of SVM-train (- s)

From Table  4.10, C-SVC and nu-SVC are used for multi-class classification;
one-class SVM is used for estimation of distribution while epsilon-SVR and nu-
SVR are used for regression. In this project, the default was used. When talking
about the difference between C-SVC and nu-SVC, they are different in some
values of parameters.
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Table 4.11: Details of SVM-train (- t)

Table  4.11 shows that LibSVM provides five kernel functions, and the radial
basis function is default which is also the choice of this project. There is an em-
pirical law that when you do not know whether the data set is linear or not, the
best choice is the nonlinear method. Certainly, there are many reasons to choose
the radial basis function because the data set is nonlinear and the radial basis
function is able to deal with the nonlinear data set.

4.6 Hidden Markov Model
The Hidden Markov Model is a probabilistic model for modeling. Its applica-
tion covers page rank, DNA motif discovery, protein folding, gene prediction,
etc. In this project, HMM was used to train data and predict the unknown states.

In detail, the HMM is based on a stochastic model in which the time and state is
discrete and the future state only depends on the present state. The HMM con-
tains five tuples which are hidden states, observed states, transition probabili-
ties, start probabilities and emission probabilities. See Figure 4.12.

Figure 4.12: Structure of the HMM [33]

Figure  4.12 shows that x i is  a hidden  state,  y i is an observed state,  and
aij is the state transition probability between the hidden states and e ij is the

emission probability between each observed state and its hidden state. The con-
nection between the hidden states and the observed states represent the proba-
bility of generating particular observed states. Table 4.12 shows what the tuples
mean in this project. Note that M is the number of hidden states and k is the
number of observed states.
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Table 4.12: The five tuples of the HMM

Tuple Definition Description

Hidden State
They include 11 states such as
“walking”, “falling”, etc.

Observed
State

They  include  6  set  of  values
such as “xcoordinate”, etc.

Transition
Probabilities

    is the transition probability
from state i to state j.

Start
Probabilities

Begin by setting “walking” to
be 1 and the others to be 0.

Emission
Probabilities

Emission probabilities of each
state; six sets of values point to
one state.

For the stage of using HMM to train the data set and prediction, the main steps
could be divided into six parts.

1) Normalize the original data set and get the observation sequence. The princi-
ple of the HMM is to train the present states through the observation sequence
and predict the future by using specific algorithms. Therefore, the observation
sequence is the first step of the whole process. In order to get an observed se-
quence which is easy to use to look for some regulation, it is necessary to nor-
malize the data set. Here, coordinates and accelerations of each observed state
is stated in each row of the data set. According to the size of the data set, these
data sets were divided into several integers which made them more similar to
the sequence, rather than unstructured. 

2) Set the number of the training data and test data of the model. In order to
have a reasonable and comparable result, the parameters that were same as the
BP neural network and SVM were repeated. The train data will cover 80% and
the test 20% of the data.

3) Specify pseudo emission values and pseudo transition values. These argu-
ments are used to avoid zero probability estimates for emissions with very low
probability that might not be represented in the sample sequence  [34]. When
setting the pseudo emission matrix, some rules have to be obeyed, so that the
size of the matrix is m*n, where m is the number of states in the HMM, and n is
the number of possible emissions which is unique. The pseudo transition matrix
covers the size of m*m where m is the number of hidden states, and in this
project the size is 11*11.

36

1{ ,..., }kS y y=

01 0ka +...+a =1

ija
1 ... 1, 1...i ika a i k+ + = =

1{ ,... }MH x x=

1 11( ) ... ( ) 1, 1...6i ie x e x i+ + = =



Improvement  of  Data  Mining  Methods  on  Falling  Detection  and  Daily
Activities Recognition
Yingli Peng 2015-05-27

4) Use “hmmestimate” to train the parameters of the HMM. Here, “hmmesti-
mate” is a command which is packaged in Matlab the function of which is to
calculate the maximum likelihood estimation of the transition matrix, emission
matrix of the sequence with the given states. Through inputting the training
data, which contains six columns containing observed states and one column of
hidden state, pseudo emission values and pseudo transition values, the number
of unique individual sequence, the training part will be executed.

5) Set the initial state probability matrix. Based on the data set, the first hidden
state is “walking” and the principle of start probability has to be followed, that
is the sum of initial states' value should be one, so the value of state probability
matrix is as shown in Table 4.13.

Table 4.13: Initial state probability matrix

State Value

walking 1

falling 0

lying down 0

lying 0

sitting down 0

sitting 0

standing up from lying 0

on all fours 0

sitting on the ground 0

standing up from sitting 0

standing up from sitting on the ground 0

6) Use “hmmviterbi” to test data and get the final result; the Viterbi algorithm is
the dynamic planning through which when given an observed sequence, we are
able to calculate the most likely path and look for the hidden states. Here, the
four parameters would be input which are test data set, transition probability
matrix, emission probability matrix and the number of unique individual se-
quences.

4.7 Summary
In this chapter, based on the general operation flow of the system, the whole
structure can be clearly revealed and three things listed clearly. The first one is
the data set. At this point, it consists of the sensors' locations, the operation of
the original data set, the reason why the acceleration attributes are added and a
detailed description of data set. The second one is the data pre-process. Here,
the reason as to why the data normalization methods were chosen over another
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was paid special attention through the calculation of the data variance. The third
one is the implements using back propagation neural, support vector machine
and the Hidden Markov Model. Each method of three algorithms is listed and
the reason why these parameters were used in each algorithm is explained step
by step.
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5 Results
This chapter is devoted to the results of this project. It mainly presents the clas-
sification accuracy of using three data mining methods, including BP neural
network,  SVM  and  HMM,  the  performance  analysis  of  the  three  methods.
Based on this work, a proposal on how to improve the final result and a com-
parison with existing methods will be made.

In these experiments, the four sensors with the different sampled intervals and
different numbers of sensors within one motion have to be trained separately,
arriving at four different results, and then the maximization operation can be ex-
ecuted. The whole flow is described in Figure 5.1.

Figure 5.1: Structure of the experiment

5.1 BP Neural Network
In this section, the classification result of the BP neural network will be listed
and explained. Meanwhile, in order to prove the better accuracy of three addi-
tional  attributes  namely “xacceleration”,  “yaceeleration” and “zacceleration”,
the results with the acceleration and without the acceleration would be listed re-
spectively.  

In the condition of three attributes, the amount of input is 3, the hidden layer is
9 and the output layer is 11 according to Eq. (8). The number of chest train data
is 9633, the number of belt train data is 10725, the amount of ankle_left train
data is 11582  rows, and the amount of ankle_right train data is 11088 rows.
These cover all of the agents' motion data. Here, the test data is 20%. Table 5.1
shows the results only containing three coordinates, while Table 5.2 shows the
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results  containing  three  coordinates  and  three  accelerations.  All  results  are
shown after the maximization operation.

Table 5.1: Results with X, Y, Z coordinates using BPNN

State Accuracy State Accuracy

walking 94.51% lying 65.19%

sitting 97.39% on all fours 40.43%

sitting down 0% sitting on the ground 43.70%

falling 43.51% lying down 58.68%

standing up from lying 0% standing up from sitting 0%

standing up from sitting on
the ground 

37.93% Average 43.76%

Table 5.2: Results X, Y, Z coordinates and accelerations using BPNN

State Accuracy State Accuracy

walking 95.93% lying 67.79%

sitting 97.83% on all fours 46.09%

sitting down 0% sitting on the ground 87.59%

falling 49.90% lying down 61.83%

standing up from lying 1.35% standing up from sitting 0%

standing up from sitting on
the ground 

65.71% Average 52.18%

Making a comparison between Table  5.1 and Table  5.2, the conclusion is that
the results whose training data include X, Y, Z coordinates and accelerations are
better than those only including X, Y, Z coordinates, because each state gets
higher accuracy, except for three confused states. The results of other two meth-
ods also supported this conclusion. Therefore, in other methods, only the results
of four sensors with X, Y, Z coordinates and accelerations were showed.  The
classification results are showed in detail in Table 7.1, 7.2, 7.3 and 7.4 in the ap-
pendix.

Table  5.2 shows that the classification of the states “walking”,  “sitting” and
“sitting on the ground” are high in accuracy while the results of “sitting down”,
“standing up from lying” and “standing up from sitting” are low in accuracy be-
cause these actions are usually too similar and often become confused with each
other. Meanwhile, the accuracy of most important states “falling” and “on all
fours” are less than 50%, which means the model does not make sense.
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Furthermore,  looking at  the situation  as  a  whole,  the  average of  the  eleven
states' accuracy is 52.18%, which is deemed to be normal as many of the refer-
ences dealing with human daily activities and have results similar to mine with-
out  any  improvement.  The  states  “walking”,  “sitting”  and  “sitting  on  the
ground” are with high accuracy which will be helpful for later improvement. 

When beginning to training the data set, it usually takes several minutes to ob-
tain the final model in Matlab. However, when in the process of testing differ-
ent states,  the training model was just used to obtain the different results The
process is convenient and quick.

5.2 Support Vector Machine
In this section, the classification results of SVM will be listed and explained. In
the experiment, LibSVM was used to train and test the data set. The number of
input and test data set is the same as the BP neural network. Table 5.3 shows the
results of using SVM while the classification results are showed in detail in Ta-
ble 7.5, 7.6, 7.7 and 7.8 in the appendix.

Table 5.3: Results with X, Y, Z coordinates and accelerations using SVM

State Accuracy State Accuracy

walking 90.84% lying 45.30%

sitting 77.53% on all fours 43.51%

sitting down 0% sitting on the ground 83.19%

falling 39.42% lying down 90.12%

standing up from lying 1.34% standing up from sitting 0%

standing up from sitting on
the ground 

55.86% Average 47.92%

Table 5.3 shows that SVM does not perform as well as expected and the aver-
age classification accuracy is less than 50%, which is not satisfactory. Just like
the result of the BP neural network, the classification of the states “walking”,
“sitting” and “sitting on the ground” are relatively  high accuracy. Furthermore,
the state “lying down” is classified accurately, which is essential information as
it makes SVM is able to separate the state “lying down” from other states, be-
cause this state is always confused with other states in the BP neural network
model. 

In addition, the results of “sitting down”, “standing up from lying” and “stand-
ing up from sitting” are still  bad, even though the classification of the state
“standing up from lying” is 1.34% which still makes no sense. These results
could prove two things. First, that no matter whether the models are created by
BP neural network or SVM, they are both incapable of distinguishing between
these three states. Second, that the results confirm the accuracy of the model be-
cause two different classifiers have got nearly the same results. 
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Here, some confused states were also collected mutually. For example, the state
“on  all  fours”  is  always  confused  with  “lying”,  “standing  up  from lying”,
“standing up from sitting on the ground” and so on, these useful results would
provide the ideas of improvement in classification accuracy.

5.3 Hidden Markov Model
In  this  section,  the  classification  result  of  the  HMM will  be  listed  and ex-
plained. In the experiment, Matlab toolbox was used to train and test the data
set. The  number of input and test data set is the same as the previous two meth-
ods. The only difference between the HMM and the other two methods is that in
the stage of pre-processing, the HMM adds normalization of the input data set
in order to get the sequence of observed states. Table 5.4 shows the results of
using the HMM while the classification results are showed in detail in Table
7.9, 7.10, 7.11 and 7.12 in the appendix.

Table 5.4: Results with X, Y, Z coordinates and accelerations using HMM

State Accuracy State Accuracy

walking 88.67% lying 64.32%

sitting 89.58% on all fours 70.00%

sitting down 14.29% sitting on the ground 68.31%

falling 41.26% lying down 36.11%

standing up from lying 48.01% standing up from sitting 19.45%

standing up from sitting on
the ground 

26.21% Average 51.47%

Table 5.4 shows that the HMM performs better than SVM, the average classifi-
cation accuracy of which is 51.47%. Although the accuracy of the states “walk-
ing”, “lying”, “sitting”, “on all fours” and “sitting on the ground” are greater
than 60%, which is good for the classification, the results are still poor in gen-
eral.

However, we could arrive at a different conclusion as well, i.e. that the classifi-
cation results  of “sitting down”, “standing up from lying” and “standing up
from sitting” are improved even if they are not high. It is the benefit of se-
quences of HMM. 

At  the  implementation  stage,  the  input  data  set  was  normalized  as  several
blocks and obtained the sequence. The accelerations of “sitting down”, “stand-
ing up from lying” and “standing up from sitting” are different from other ac-
celerations  and  that  is  why  these,  three  states  perform  better;  because  the
method of the HMM is more of a continuous learning process and is able to
represent a series of human activities.
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5.4 Comparison and Analysis of the Three Methods
In general, the three methods do not perform very well, and their results of clas-
sification accuracy are around 50%. There are three ways to explain these phe-
nomenons. 

The first is that human activity recognition and classification are still the diffi-
cult problems for the current machine learning algorithms. There is much re-
search and papers to prove this. Without any particular pre-processing or im-
provement, the classification accuracy is always less than 50%. 

Another explanation is that these activities are too similar to classify. For exam-
ple, “falling down” and “lying down”, “standing up from sitting on the ground”
and “standing up from sitting” are always confused with each other. They do
not have any unique characteristics. An improvement could be to add more at-
tributes to reflect these activities, such as the distance of different sensors, the
angle between the body and ground. 

The third explanation is the data set itself. The current data set has some draw-
backs such as the fact that different sensors have different sampled time, differ-
ent motions are represented in different rows. For example, “falling down” and
“lying down” are fast motions and they need several rows to represent them.
Furthermore, its own data set only contains X, Y, Z coordinates without acceler-
ation, which makes it difficult to classify. Although the three instantaneous ac-
celerations were calculated, it is still not accurate enough to represent actual ac-
celerations.

When it comes to the comparison of the three data mining methods, this project
has  advantages  and  disadvantages.  For  the  first  training,  the  running  speed
shows that BP neural network is the slowest; SVM is the fastest and HMM is in
between. For the accuracy of classification, the BP neural network is the best
one while SVM is the worst and HMM is in between.

When it comes to the BP neural network, it has the highest classification accu-
racy of the three algorithms but the slowest training speed. The advantages of
the  BP neural  network  have  two  aspects.  First,  the  BP neural  network  ap-
proaches the non-linear continuous function, which is suitable for dealing with
problems such as those described in this project. Second, the ability of self-
learning is strong and it could adjust the weight and bias on its own. However,
it also has drawbacks. First, it will face local minimization. Because it is based
on the gradient descent algorithm, the improper learning rate may cause this
problem, as could the set of improper initial weight bias. Second, the number of
hidden layers is just based on the empiricism. In this project, the experts' sug-
gestions  were  employed  as  well,  to  calculate  the  number  of  hidden  layers.
Third, the speed of convergence is slow because its cost function is complex
which made it inefficient.
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When it comes to the SVM, the running speed is the fastest of the three meth-
ods and the classification accuracy is the worst. SVM has several advantages
and disadvantages. First, it has an efficient use of the inner product and kernel
function to deal with non-linear mapping that is more likely to be a type of
mathematical  method.  Second,  for  the  geometric  layer,  SVM sets  the  hyper
plane to choose the support vector which simplifies the computation complexity
and avoids curse of dimensionality. Third, when choosing the kernel function,
the radical basis function was used which is a kind of neural network. In other
words, SVM includes the idea of the neural network. The former is the advan-
tages. Meanwhile, the disadvantage of SVM is the fact that when facing a large
number of data set, SVM has to map all of them into high dimensions, which
will use up a lot of memory and computation time.

When it comes to the HMM, the running speed and classification accuracy re-
sults  are  between SVM and the BP neural  network.  The HMM is based on
Markov Chains which has two advantages. First, the HMM regards the data set
as continuous actions and turns them into a special sequence of observed states,
which seems to be more consecutive. Second, no matter what the number of in-
put attributes is, the HMM is capable of generating the sequence as usual after
simply processing, which is an advantage other methods do not have. The dis-
advantage of the HMM is that just like the normal machine learning problem
the HMM may not  convergence to  a truly optimal  parameter  and cause the
over-fitting phenomenon. In addition, a characteristic of the HMM is that future
points only depend on the present points which is limited because human activ-
ity is a continuous motion, and some classification errors may be avoided by
learning the past and the present states together.

5.5 Improvement
Based on the previous factors, the main aim of this project is to detect states
like “falling” and “on all fours”, which are the emergency states for the elderly.
However, the results of existing algorithms do not work very well and the low
accuracy of classification might have poor results such as the elderly has al-
ready been in danger, yet the system does not recognize it. Therefore, the results
of classification should be improved to improve the system.

When it comes to current data mining methods, they are abundant and mature,
almost capable of dealing with all classification problems. Meanwhile, it is hard
and unnecessary to create a new algorithm to adjust to this system. To use the
existing algorithms and improve them through combination, and then improve
the final results which is the aim of this project.

The whole idea consists of obtaining and applying classifiers. In the learning
process, the idea is to make use of the combination of two algorithms and get
several models which are suitable for different classifications. For example, if
some states are highly accurate in the first-round classification, such as Table
5.2, 5.3 and 5.4, it means that the system has recognized them as a high proba-
bility. In order to classify other states with low accuracy, it is necessary to get
rid of these highly-classified states. Then, the new data set will be trained and a
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new classifier found to meet the demand of the states with low accuracy. In the
testing process, the aim should be to test the data several times, like a magnify-
ing glass aiming to enlarge the data set and maximize the results, or just like a
filter, through layer to layer's matching, the goal is to choose the best one.

The former process would not finish until all the states are recognized or the ac-
curacy is less than the threshold. These ideas will be the precursor to the im-
provement. The step can be divided into eight parts. 

1) Choose two data mining methods to combine. Here, SVM and BP neural net-
work were chosen as the point of penetration rather than the HMM, although
the HMM is still a good method to use. It is due to the fact that the HMM needs
additional  pre-processing  to  generate  the  sequence  of  observed  states,  thus,
when doing the improvement, the algorithm has to add more steps and time to
accomplish the work. As a result, the other two algorithms were chosen.

2) Observe the classification results separately and maximize them. From the
results of the SVM and BP neural network in the first-round classification, we
can see that most states have the low accuracy, expect for the four states, “walk-
ing”, “sitting”, “lying down” and “sitting on the ground”. They are well classi-
fied in the combination of the SVM and BP neural network after the maximiza-
tion operation. The result is shown in Table 5.5.

Table 5.5: The maximum results of the combination of SVM and BPNN 

State Accuracy State Accuracy

walking 95.93% lying 67.79%

sitting 97.83% on all fours 46.09%

sitting down 0% sitting on the ground 87.59%

falling 49.90% lying down 90.12%

standing up from lying 1.35% standing up from sitting 0%

standing up from sitting on
the ground 

65.71% Average 54.76%

3) Discard the highly-classified states from the data set. Based on Table 5.5, we
could  draw  the conclusion  that  the  four  states,  “walking”,  “sitting”,  “lying
down” and “sitting on the ground” are of high accuracy, which means the sys-
tem has recognized them as a high probability. Therefore, in the second-round
classification, the data set representing these four states will be discarded. The
number of states left will be seven, rather than eleven; in addition, the rows of
input data set will lower as well.

4) Analyze the reasons for the low accuracy phenomenon. The remaining states
are always confused with each other because these motions are too similar and
the duration of each motion is short, which makes it more difficult to recognize
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them. Thus, attention was mainly paid to analyzing the reasons for the confu-
sion, why they have low accuracy. After analyzing the first-round results. Table
5.6 was produced. 

Table 5.6: Confused states with each other

State
The Confused State

(Each row is organized according to the extent
of confusion)

standing up from lying on all fours, sitting down

standing up from sitting 
on the ground

sitting down, on all fours

falling
lying,  standing up from lying, 

standing up from sitting on the ground

standing up from sitting
standing up from sitting on the ground, 

on all fours

lying on all fours

on all fours
lying, standing up from lying,

standing up from sitting on the ground

sitting down
standing up from sitting, 

standing up from sitting on the ground

5) Produce several groups where the states are not confused with each other. Ta-
ble  5.6 lists the confused states and based on this table a decision on which
states will be accurately classified in the same group can be made. The reason
for producing these groups is that only when these states are not interacting can
they be classified with high accuracy. Figure 5.2 is the result.

Figure 5.2: New groups where the states are not confused with each other
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In Figure  5.2, the state “standing up from sitting” is confused with the other
groups so a new group had to be set for it. As a result, the final number of
groups is four, when adding the four states to the first-round of classification. 

The principle of setting groups' number is that the lower the number of groups
is, the better the performance of the system. Based on the principle, the whole
group came into being, see Table 5.7.

Table 5.7: The groups of the system

group state

1 walking, sitting, lying down, sitting on the ground

2 sitting down, falling, on all fours

3
standing up from sitting on the ground, 

standing up from lying, lying

4 standing up from sitting

6) Choose a data mining method and train the groups separately. After finding
the unconfused groups, it is easy to make use of a data mining method to train
the groups one by one. In this project, SVM was used again because of the fol-
lowing two reasons: the running speed of SVM is the fastest of the three meth-
ods, and the human activity recognition needs timeliness, and SVM performs
well after testing when the confused states have been discarded. 

7) Test the data set until the accuracy does not satisfy the demand or achieve the
result. When executing the experiment, the problem had to be faced was that if
an unknown state was tested by these system and the classification accuracy
was less than 50%, it could not determined to which classifier and state.

Therefore, based on this, the accuracy threshold needed to be set when design-
ing the system. There is a scenario that where the accuracy is less than a certain
threshold, meaning that the state may not belong to the training state and the
system will terminate as well. However, the system needs fault tolerance and
the setting of the threshold could provide this.

8) Get the classification result and obtain several classifiers. After several layers
of training, the system will be able to tell the classification result. When finish-
ing testing all the test data sets after the filter of four groups' classifiers, the sys-
tem shows a new result, see Table 5.8.
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Table 5.8: Final classification results after improvement

State Accuracy State Accuracy

walking 95.93% lying 81.45%

sitting 97.83% on all fours 81.33%

sitting down 85.56% sitting on the ground 87.59%

falling 98.29% lying down 90.12%

standing up from lying 82.88% standing up from sitting 99.99%

standing up from sitting on
the ground 

93.58% Average 90.41%

Table 5.8 shows that the red parts have improved greatly, especially the essen-
tial states “falling” and “on all fours”, and the average is up to 90.21%, which is
highly accurate. The comparison between the new algorithm's results and the
three existing data mining methods' results can be found in Figure 5.3.

Figure 5.3: Final classification results using four methods 
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Figure 5.4: Average classification results of four methods

Figure 5.4 shows that the new idea performed significantly better than the three
existing  data  mining  algorithms  whose  accuracy  of  classification  reaches
90.21%. The running speed is fast as well because if the classifiers have already
existed, when testing data set, it will be very fast.

5.6 Extension
In this experiment, several classifiers where the training elements are not con-
fused with each other were employed to test the data set and a good result was
achieved, compared with the three existing data mining algorithms. The classi-
fier is just for their concentrate data set, however, what to do further is to gener-
alize this idea and adapt it for more cases.

My main idea is divided into six parts: 1) the pre-processing of data set includ-
ing training data and test data; 2) choosing two suitable data mining algorithms
to train the data set for the first-round classification; 3) analyze the result in
which some classifications will be confused with each other and try to divide
them into different groups; 4) choosing a data mining algorithm which is used
in the first step and train these groups where the training data set only includes
the classification in their own groups; 5) finding several groups' classifiers and
the number of groups is the number of classifiers; 6) employing the new data
set using these classifiers. 

In detail, for the first stage, choosing a suitable pre-processing method is the
first step to succeeding where you have to face the problem will whether you
should add or decrease the attributes of the data set. What you choose will lead
to the different results. For the second stage,  you have to determine if your
problem should be supervised or unsupervised learning algorithms, and then ac-
cording to the empirical rule or the results of experiments, you have to decide
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which data mining methods you will use in the training part. For the third stage,
you will train the data set using two different methods, get two different results
and then perform a maximization operation. If you get a result where the accu-
racy is more than 85% (here, just setting one high value as the accuracy thresh-
old), that is good. Then you delete these data sets from the training data set be-
cause you have already got a model which is able to distinguish them. The
fourth stage that is the focus of the experiment, from the first-round classifica-
tion, the states that were confused with each other will be listed one by one.
Here, we can record them into different groups, and in one group these states
will not be confused with each other. In the fifth stage, we now have got several
groups. The system will train these groups with their own training data and ob-
tain the different classifiers. Note that when obtaining the groups or classifiers,
the principle is that the lower the number of the group or classifier is, the better
the system's performance will be. 

The training of the data set is shown in Figure 5.5.

Figure 5.5: Flow diagram of the training data set
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Figure 5.5 shows the generalized structure and steps of the training parts. Note
that at the beginning, the user has to set the lowest accuracy threshold, normally
the value reaches 80%. 

The whole process of application of these classifiers can be evolved to the algo-
rithm below. Before setting up the algorithm, we need to go through the learn-
ing steps where the classifiers have been obtained.

Hierarchical Classifiers' Application Algorithm

1: input: Set the lowest Confidence r; Candidate of test data set series D;
2: input: Set array of classifiers: Classifier[m]; {m>=2} 
3: Set the classification result S;
4: D' = Data D after data pre-processing;
5:  for (n=3; n<m+1; n++) 
6:   S = accuracy of testing D' in Classifier[n];
7:      if (S > r)
8:         return S; {finish and return result}       
9:      end if
10: end for 
11: S = max(accuracy of testing D' in Classifier[1] and Classifier[2])
12: if (S > r)
13:    return S; {finish and return result}       
14: end if
15: printf(“the classification result is less than accuracy threshold!”);
16: return 0;

In this algorithm, the parameter r should be set for the sake of the accuracy con-
fidence, training data D and the array of classifiers Classifier[m] whose size is
five according to the training result. For a better description of this algorithm, a
scenario can be created to explain it. The number of classifiers must be equal to
or larger than 2 because in the first-round classification, two algorithms are def-
initely needed for increasing the reliability of the results. Meanwhile, another
parameter, the lowest confidence, should be set by the user who decides when
to terminate the classification. 

When applying these classifiers, the order will be reversed. From Line 5 to Line
10 in HCA, the classifiers obtained in the second-phase are applied first be-
cause the confused situation that will occur in  classifier[1]  and  classifier[2].
When the confused states are all classified  classifier[1]  and  classifier[2]  are
able to analyze the unconfused states, such as walking. Here, the maximization
operation is performed because the first classifier the new data enters may not
contain the right result, but a confused state. In this situation, the confidence
may be still larger than threshold, so it will be classified as a confused state
with high confidence. As a result, a maximization operation of these classifiers
is needed. 
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On the condition that the classification confidence on new data satisfies the
lowest threshold, the algorithm will end and return the result. Otherwise, the
new data has to enter into classifier[1] and classifier[2] followed by Line 11 to
Line 14 in HCA. Similarly, the result will be output if the confidence meets the
demand of threshold. If the classification confidence, tested by all the classifiers
was still below the lowest threshold, the system will inform the user that the
classification  result  is  lower than the lowest  threshold which  helps  HCA to
achieve the fault tolerance. 

Here, fault tolerance, methodology, scalability and confidence in the obtainment
and application of the classifiers will be discussed. For fault tolerance, the set-
ting of lowest accuracy threshold avoids the problem mostly appearing in appli-
cation parts. When the new data set comes into the application part and the data
may not include any classification in the training data set, the fault tolerance
will tell the user that this data set does not belong to any known classifications.
For methodology, it depends on the data set whether it is a supervised or unsu-
pervised learning problem. According to the empirical analysis and the scope of
existing learning algorithms, two different methods should be chosen to train
the data set in the first-round classification. For the scalability, the methods in
the obtainment of the classifiers parts can deal with a continuous data set and
discrete data set, meanwhile, it is applicable to the supervised and unsupervised
learning algorithms. For the results' confidence, the user could split the data set
into several parts and choose different segments to test for a repeated number of
times and get an average result, which would guarantee the confidence of the
results.

5.7 Summary
In this chapter, the final classification results using back propagation neural net-
work, support vector machine and the hidden Markov model are described, the
results of which are mostly around 50%. As a result, the existing algorithms' re-
sults make no sense when dealing with the emergency of the elderly. As a re-
sult, a new way of obtaining classifiers is proposed according to the analysis of
the classification results. Several steps have to be taken, such as trying to get
the confused states table, dividing confused states into different tables and then
training them separately.  The results show that the new idea performs better
than the three existing algorithms, and the average classification accuracy is
more than 90% which is very high. Then, to make the idea generalize, the re-
designed parts which contain the obtainment and application of classifiers are
introduced as well. Fault tolerance, methodology, scalability and confidence as-
pects are considered separately to prove the new idea to be generalized.
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6 Conclusions / Discussion
To detect elderly falling down and daily activities,  research in this  area has
gained  more  interest  from scientists  and  scholars.  As  the  population  grows
older, wearable sensors become more important in everyday life, these sensors
are still in need of improvement and development. The overall aim of this thesis
is to study different kinds of data mining methods and how to improve the de-
tection of human daily activities, especially the motion “falling”. The objective
of this research is to analyse the results of several existing data mining methods
and improve their accuracy. The aim is also to demonstrate that the results ob-
tained by the improved method is better than those obtained using the existing
data mining methods.

In the first stage, Goal 1 is to conduct research on the detection “falling” and
human daily activities. This work, includes reading and summarizing papers.
There are two methods referred in these papers. The first method consists of the
author carrying out work on data (pre-)processing, such as washing data sets,
using PCA to decrease the dimensions, cutting the continuous data set into sev-
eral segments, etc. The other method consists of trying to increase the steps to
filter the results to increase the classification accuracy. What is different from
this research is that most of them use sensors including acceleration sensors
which make the data set have more obvious charactersistic. 

In the second stage, Goal 2 is to analyze the data set which is continuous and
highly-frequency sampled by the wearable sensors. Because of the data set only
containing the three coordinates' values, the three accelerations of three coordi-
nates had to be calculated in order to add the dimensions of data set which in-
creased the characteristics of the motion. At this point, the new attributes were
calculated according to a physics formula.

In the third state, Goal 3 is to study several data mining methods in-depth and
choose several appropriate methods to classify the data set. Based on the data
set, the BP neural network, support vector machine and hidden Markov model
were chosen as data mining methods to train the data set and the classification
results were obtained. 

In the fourth stage, Goal 4 is to evaluate the results and compare the results with
different data mining methods. After obtaining the classification results, the ad-
vantages  and disadvantages  of  the  algorithms  themselves;  furthermore  were
considered, as well as the comparison of the classification accuracy, running
speed, algorithm complexity, etc.

In the fifth stage, Goal 5 is to propose a new method to increase the classifica-
tion accuracy. What has been done is a comparison of the BP neural network
with support vector machine, handle with the states which are confused recipro-

53



Improvement  of  Data  Mining  Methods  on  Falling  Detection  and  Daily
Activities Recognition
Yingli Peng 2015-05-27

cally and put them into different groups, train them separately and then find dif-
ferent classifiers. The final result shows that the new idea performs better than
the existing data mining methods. Furthermore, from fault tolerance, methodol-
ogy, scalability and confidence aspects, they are considered separately to prove
the new idea to be generalized and applicable to different data sets.

6.1 Ethics considerations
This project aimed to detect elderly people falling and their daily activities by
using the wearable sensors. The purpose is to help the user determine whether
the elderly person who lives alone is in a state of emergency or not. However, it
could be used to monitor the agent's daily activities and infringe on the privacy.
As a result, for ethical considerations, the project must have the permission of
the agent.

6.2 Future work
Future work could be carried out in the following domains:

1) Employing different kinds of data sets to test the efficiency and validation of
the new idea. At this point, the new training methods could be used to train the
continuous data set and then the new testing methods could be employed to test
classifiers' accuracy and running speed.

2) Using the learning theory of machine learning to validate if any of the data
mining methods in the first-round classification could be used in the second-
round classification. In this project, SVM was only used in the second-round
classification.  Here,  only running  speed  and accuracy of  classification  were
taken into consideration. However, the learning theory could be employed to
prove if this method could be used in the second-round classification.

3) Trying to apply to more data mining methods on the data set. In the data min-
ing world, there are a few supervised learning algorithms such as decision tree,
Adaboost, k-nearest neighbour, etc. Because of the restriction of time and scope
of knowledge, maybe these algorithms, achieve more accurate results.

4) Analysing the daily activities of the elderly in the long term, and then evalu-
ate the variation of the elderly’s health condition. For example, the more fre-
quency of lying, rather than walking, may be some problems.
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Appendix A: Training Results of 
Each Sensor before Maximization

Table 7.1: Result of Chest Sensor with X, Y, Z coordinates and accelera-
tions using BP neural network

State Accuracy State Accuracy

walking 95.93% lying 67.79%

sitting 90.27% on all fours 46.09%

sitting down 0% sitting on the ground 59.48%

falling 49.90% lying down 41.44%

standing up from lying 0% standing up from sitting 0%

standing up from sitting on
the ground 

24.41%

Table 7.2: Result of Belt Sensor with X, Y, Z coordinates and accelerations
using BP neural network

State Accuracy State Accuracy

walking 77.78% lying 37.34%

sitting 97.83% on all fours 37.55%

sitting down 0% sitting on the ground 87.59%

falling 0% lying down 55.03%

standing up from lying 0% standing up from sitting 0%

standing up from sitting on
the ground 

23.40%
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Table 7.3: Result of Ankle_left Sensor with X, Y, Z coordinates and acceler-
ations using BP neural network

State Accuracy State Accuracy

walking 0% lying 0%

sitting 0% on all fours 32.00%

sitting down 0% sitting on the ground 0%

falling 0% lying down 58.77%

standing up from lying 1.35% standing up from sitting 0%

standing up from sitting on
the ground 

23.71%

Table 7.4: Result of Ankle_right Sensor with X, Y, Z coordinates and accel-
erations using BP neural network

State Accuracy State Accuracy

walking 0% lying 0%

sitting 82.61% on all fours 31.07%

sitting down 0% sitting on the ground 64.42%

falling 39.33% lying down 61.83%

standing up from lying 0% standing up from sitting 0%

standing up from sitting on
the ground 

65.71%

Table 7.5: Result of Chest Sensor with X, Y, Z coordinates and accelera-
tions using SVM

State Accuracy State Accuracy

walking 90.84% lying 45.30%

sitting 53.28% on all fours 43.51%

sitting down 0% sitting on the ground 83.19%

falling 39.42% lying down 45.45%

standing up from lying 0% standing up from sitting 0%

standing up from sitting on
the ground

20.28%
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Table 7.6: Result of Belt Sensor with X, Y, Z coordinates and accelerations
using SVM

State Accuracy State Accuracy

walking 58.26% lying 20.19%

sitting 77.53% on all fours 37.97%

sitting down 0% sitting on the ground 0%

falling 35.95% lying down 67.11%

standing up from lying 0% standing up from sitting 0%

standing up from sitting on
the ground

5.68%

Table 7.7: Result of Ankle_left Sensor with X, Y, Z coordinates and acceler-
ations using SVM

State Accuracy State Accuracy

walking 0% lying 0%

sitting 46.18% on all fours 28.08%

sitting down 0% sitting on the ground 19.62%

falling 0% lying down 30.63%

standing up from lying 0.33% standing up from sitting 0%

standing up from sitting on
the ground

9.68%

Table 7.8: Result of Ankle_right Sensor with X, Y, Z coordinates and accel-
erations using SVM

State Accuracy State Accuracy

walking 0% lying 0%

sitting 18.62% on all fours 30.77%

sitting down 0% sitting on the ground 63.51%

falling 0% lying down 90.12%

standing up from lying 1.34% standing up from sitting 0%

standing up from sitting on
the ground

55.86%
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Table 7.9: Result of Chest Sensor with X, Y, Z coordinates and accelera-
tions using HMM

State Accuracy State Accuracy

walking 85.22% lying 64.32%

sitting 89.58% on all fours 68.01%

sitting down 14.29% sitting on the ground 68.31%

falling 39.42% lying down 28.64%

standing up from lying 48.01% standing up from sitting 19.45%

standing up from sitting on
the ground

25.56%

Table 7.10: Result of Belt Sensor with X, Y, Z coordinates and accelerations
using HMM

State Accuracy State Accuracy

walking 88.67% lying 57.57%

sitting 89.17% on all fours 70.00%

sitting down 1.15% sitting on the ground 57.82%

falling 41.26% lying down 33.18%

standing up from lying 26.20% standing up from sitting 0%

standing up from sitting on
the ground

22.62%

Table 7.11: Result of Ankle_left Sensor with X, Y, Z coordinates and accel-
erations using HMM

State Accuracy State Accuracy

walking 65.65% lying 45.75%

sitting 65.00% on all fours 18.65%

sitting down 0% sitting on the ground 51.58%

falling 2.04% lying down 36.11%

standing up from lying 24.48% standing up from sitting 0%

standing up from sitting on
the ground

26.21%
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Table 7.12: Result of Ankle_right Sensor with X, Y, Z coordinates and ac-
celerations using HMM

State Accuracy State Accuracy

walking 64.11% lying 38.37%

sitting 38.78% on all fours 33.73%

sitting down 0% sitting on the ground 48.45%

falling 0.98% lying down 7.73%

standing up from lying 27.28% standing up from sitting 0%

standing up from sitting on
the ground

0%
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