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El proyecto que a continuación se presenta persigue la visualización de los movimientos 

que realiza una persona con el fin de determinar el estrés que sufre. 

Este proyecto se ha realizado en colaboración con SICS y Philips  como parte de uno 

mayor llamado Social Wellbeing. En dicho proyecto se ha implementado una aplicación 

para la monitorización del estrés de una persona. Dicha monitorización se realiza 

mediante el empleo de unos galvanómetros que responden a la sudoración de la piel y 

miden la intensidad que proporcionan las emociones fuertes en el individuo como la 

felicidad, ansiedad o el estrés. 

La aportación del proyecto que a continuación se presenta, estudia la ampliación de 

dicha información mediante la clasificación de los movimientos del individuo mientras 

realiza una actividad. La importancia del reconocimiento de los movimientos es cubrir 

ciertas carencias del sistema implementado en el proyecto anterior. Debido a que el 

galvanómetro solo proporciona los datos de la transpiración de la piel, el sistema 

comete errores a la hora de determinar cuando el usuario sufre estrés o realiza una 

actividad de alta intensidad. 

Los movimientos de las actividades serán clasificados en seis subcategorías que 

proporciona el lenguaje Laban Movement Analysis (LMA) en su categoría Effort. Esta 

categoría trata de clasificar características del movimiento como la intensidad, tiempo 

fluidez, y dirección. Cada una de dichas categorías se componen de dos elementos: 

“Strong” y “Light”, “Sudden” y “Sustained”, “Free” y“Bound” y “Direct” y 

“Indirect” respectivamente. 
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Para clasificar los movimientos dentro de los elementos, se ha recolectado datos de diez 

usuarios a los que se les ha pedido que realicen unas actividades específicas 

previamente seleccionadas y enmarcadas dentro de cada uno de los elementos. 

Por un lado, al usuario se le equipó con dispositivos de la marca Shimmer que son 

dispositivos multifunción capaces de registrar aceleraciones, giros y, mediante unas 

placas externas, el ritmo cardíaco, galvanómetro, etc. El posicionamiento de los 

sensores se realizaron en el pecho, muñeca (dependiendo de si el usuario era zurdo o 

diestro) y muslo inferior por encima de la rodilla (región correspondiente a la parte 

inferior del Rectus Femoris). Se escogió la parte dominante del cuerpo para posicionar 

los acelerómetros refiriéndonos a la muñeca y al muslo. Por otro lado, se le equipó con 

un móvil Samsung Galaxy S III que registraba las aceleraciones mediante una aplicación 

desarrollada también por el grupo Shimmer y lo almacenaba en un archivo. 

Para el tratamiento de datos se utilizó algoritmos de Machine Learning a través de la 

herramienta WeKa toolkit. 

Weka es una herramienta desarrollada en lenguaje Java que permite obtener 

clasificadores a partir de unos datos introducidos. Una vez construidos, se testean 

siguiendo diferentes métodos utilizando datos no involucrados en la creación de los 

mismos. Dicho programa proporciona un informe sobre la fiabilidad de los 

clasificadores calculados viendo así su eficacia. 

En el proyecto que a continuación se presenta, se proporciona al programa con los datos 

recolectados más una selección de atributos nuevos obtenidos a partir de los datos 

originales. Acto seguido, se selecciona un número de algoritmos (que han revelado 

buenos resultados en el pasado) para construir los clasificadores y comparar la eficacia 

de los mismos. Para este estudio se han seguido tres metodologías diferentes para 

construir y demostrar la eficacia de los clasificadores:  

 10 fold cross validation 

 Construcción del clasificador usando todos los sujetos del estudio y testeándolo 

con un usuario independiente. 

 Leave One Out Cross Validation (LOOCV) 

El primer método engloba todos datos recolectados en el estudio y genera un 

clasificador con el 90% de los datos. Para probar el clasificador, el programa utiliza el 

10% de datos restante para ver si éste es capaz de clasificar dichos datos correctamente. 

El segundo método es más acorde a la realidad. En este método se genera un 

clasificador con los datos de los 10 usuarios y se testea con un usuario adicional no 

involucrado en el clasificador. 

Finalmente, en el último método se ha realizado una variante del segundo. En este 

método se generan 10 clasificadores usando 9 usuarios en cada uno. El usuario que ha 

sido excluido en cada clasificador es usado para testear dicho clasificador. Por último, el 
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resultado de la fiabilidad del algoritmo usado para hacer el clasificador es la media de 

los 10 clasificadores anteriores. Este método y el anterior se han realizado en las tres 

siguiente situaciones para cada subcategoría:  

 Usando los datos de todos los acelerómetros. 

 Usando los datos del acelerómetro posicionado en el pecho. 

 Usando los datos del acelerómetro posicionado en la muñeca. 

 Usando los datos del acelerómetro posicionado en el muslo. 

 

Como resultado del estudio se revela que el tercer método es el más cercano a la 

realidad. Dicho método demuestra que el mejor posicionamiento para detectar las 

categorías es la muñeca usando el algoritmo Random Forest 10 trees. 
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Abstract 

 

The purpose of this project is to provide a mobile platform system with the ability to 

recognize the type of movement an individual performs throughout the day through the 

use of an accelerometer. The movements will be classified in different categories. These 

categories which belong to the Laban Effort framework are: Free, Bound, Sudden, 

Sustained, Strong and Light. The data collected to build the classifiers has been 

processed using Machine Learning techniques provided in the Weka toolkit. In addition, 

feature extraction and feature selection methods have been used to obtain the best subset 

of attributes.  

This acceleration data has been collected using three Shimmer devices located on 

different parts of the body (wrist, thigh and chest). Each one of these devices contains a 

tri-axial accelerometer and sends the information to an Android smartphone through a 

Bluetooth connection. 
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SECTION 1: INTRODUCTION 
 

This project started out as part of the on-going project Social Wellbeing managed by the 

Swedish Institute of Computer Science (SICS) which focuses on stress recognition using 

a GSR sensor. The reason why activity recognition is important in this project is that the 

stress of the subject is misclassified when intense activities or strong emotions are 

involved due to the fact that a GSR sensor only provides data of the individual’s 

transpiration. For instance, the system is not able to identify whether the user is doing 

exercise or suffering a high stress level if the transpiration in both actions is the same. 

This is because a GSR lacks context to properly classify these situations. Including the 

recognition of the subject’s movement, in the same situation, the system could reach 

better accuracy recognizing this type of activities. 

 

The purpose of this study is to determine whether it is possible to identify the types of 

movements a person does during the day or not. The focus of this research is not on 

determining which activity has been performed by the subject, but to classify a type of 

movement within the Laban Effort framework. The Laban Effort system is divided into 

four different categories and each category is composed of two elements. As a result of 

the classification, the movement performed will be classified as belonging to an element 

within each subcategory. To achieve this, three tri-axial accelerometers located in 

different parts of the body have been used for collecting data.  

 

Even though this study does not focus on what is generally considered activity 

recognition, activities that fitted within the Laban Effort framework have been extracted 

from previous research papers on activity recognition. However, it has been necessary 

to determine some other activities that were better suited for the task of Laban 

classification. These activities are further described in section 3.3. 

 

Software tools for the purpose of processing the data collected have been developed. 

This study will be used as an implementation within the project Social Wellbeing that is 

managed by the Swedish Institute of Computer Science. 

 

1.1 BACKGROUND 
 

Here the main concepts associated with this project are shown. 

 

Social Wellbeing project:  

 

It is an EIT ICT Lab project that has developed an application for visualizing stress. 

This application monitors the stress of the user and creates a graphical visualization of 

the stress level to help people adopt a healthier lifestyle. This system collects data using 

a Galvanic Skin Response (GSR) sensor which measures strong emotions such as 

anxiety, stress-level, happiness, etc. Then, the sensor sends the data to a smartphone 

where the user is shown the stress-level he/she has had during a period of time. [31, 32] 
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Laban Movement Analysis (LMA):  

 

Also known as LMA or Laban/Bartenieff Movement Analysis, it is a method and 

language for describing, visualizing, interpreting and documenting all varieties of 

human movement. It is used as a tool by dancers, actors, musicians, athletes, physical 

and occupational therapists, psychotherapy, peace studies, anthropology, business 

consulting, leadership development, health & wellness and is one of the most widely 

used systems of human movement analysis today. 

 

LMA is generally divided into these categories: Body, Effort, Shape and Space [28, 37]. 

This study focuses on the Effort category which is also divided into four subcategories: 

Strong / Light, Sudden / Sustained, Bound / Free and Direct / Indirect. Laban is 

sometimes described as dynamics. It tries to classify how a movement is done with 

respect to inner intention. 

 

 

 

 

 

 

 

 

 

Tri-axial Accelerometer:  

 

An accelerometer is a device that measures proper acceleration. The proper acceleration 

measured by an accelerometer is not necessarily the coordinate acceleration (rate of 

change of velocity). Instead, the accelerometer sees the acceleration associated with the 

phenomenon of weight experienced by any test mass at rest in the frame of reference of 

the accelerometer device. [29] 

 

A tri-axial accelerometer is one of the multiple types of accelerometers you can find in 

the market and it is used to measure the acceleration in three different axes “x”, ”y” and 

”z”. It can collect data using either a calibrated system or a raw system. Moreover, 

depending on the materials the accelerometer is made of, the range of acceleration it can 

measure varies. 

 

 

 

 

 

Table 1: Laban Effort categories 

Effort Factor
Effort Element 

(Fighting polarity)

Effort Element 

(Indulging polarity)

Weight Strong Light

Time Sudden Sustained

Flow Bound Free

Space Direct Indirect

http://en.wikipedia.org/wiki/Proper_acceleration
http://en.wikipedia.org/wiki/Weight
http://en.wikipedia.org/wiki/Frame_of_reference
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Weka: 

 

It is a collection of visualization tools and algorithms for data analysis and predictive 

modelling. Weka supports several standard data mining tasks, more specifically, data 

pre-processing, clustering, classification, regression, visualization, and feature selection.  

All of Weka's techniques are predicated on the assumption that the data is available as a 

single flat file (ARFF format) or relation, where each data point is described by a fixed 

number of attributes (normally, numeric or nominal attributes, but some other attribute 

types are also supported). 

One of the most spread functions is the Experimenter, which allows the systematic 

comparison of the predictive performance of Weka's machine learning algorithms on a 

collection of datasets. [30] 

 

1.2 PROBLEM DEFINITION 

 

This section will cover the problems that we have set out to solve. The problems are 

theoretical as well as technical. The objective of this research is to discover whether it is 

possible to determine the daily activities of a user within the Laban Effort categories 

using accelerometers or not. 

 

1.2.1 THEORETICAL PROBLEMS 
 

The first problem is how to interpret the correct meaning of the Effort categories. In this 

study LMA must be defined within the scope of health. This is by no means a trivial 

issue as there is an underlying difficulty in defining what LMA is, depending on the 

field of application. Moreover, the understanding of LMA classification is not strict in 

its definition and may vary from individual to individual.  

 

The second problem to cover is to determine which activities best represent the Laban 

Effort category when using them for data collection. Laban Effort category focuses on 

the type of movement instead of on the type of activity, it is therefore necessary to 

create a correct activity framework in order to analyse if the system is able to 

differentiate between categories regardless of the type of activity that is being 

performed. 

 

Finally, according to previous research, the election of the correct algorithm to detect 

the different types of movements is the last problem to solve. There are different 

algorithms that have shown good results in this field, both the accuracy and the 

execution time of the algorithm were taken into account. 

 

 

 

 

http://en.wikipedia.org/wiki/Data_mining
http://en.wikipedia.org/wiki/Preprocessing
http://en.wikipedia.org/wiki/Data_clustering
http://en.wikipedia.org/wiki/Statistical_classification
http://en.wikipedia.org/wiki/Regression_analysis
http://en.wikipedia.org/wiki/Feature_selection
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1.2.2 TECHNICAL PROBLEMS 
 

The technical problems to solve throughout this study are the following: 

  

 Election of the device for collecting data. The existing technology gives multiple 

choices with some advantages and disadvantages so, a small research was 

necessary to choose the correct technology. 

 

 To locate the devices on the body for the recording of movements performed by 

the subject.  

 

 The correct configuration of the accelerometers to have a sufficient precision 

and accuracy regarding data capture. Therefore, it is very important to set it up 

with the correct “g” range and frequency. 

 

 To connect the different devices to each other. These devices are not designed to 

interact with each other except some exceptions. The problem presented is how 

to create an in-between system that connects the different parts of the system. 

 

1.3 DELIMITATIONS OF THE PROJECT 

One of the previously presented Laban Effort subcategories is not covered in this study. 

The Space category, which contains Direct and Indirect elements, would need a non-

accelerometer external subsystem in order to capture when a movement is direct or not. 

It is not possible to capture this kind of movement using only three accelerometers 

placed in different locations on the body because they do not register the position of the 

accelerometer; they just register the variations of the acceleration in the different axes as 

it was explained in Section 1.1. There will be some suggestions on how to expand this 

study in the “future works section”. 

In this project certain feature extraction methods and algorithms for the purpose of data 

pre-processing have been left out. These attributes have not been included due to the 

confluence of development complexity and lack of time. This information is shown in 

the table below. 

 

 

 

 

 

 

Table 2: Delimitations 

Entropy

DCT

Correlation

Wavelet

Feature 

extraction

Other 

Methods

Threshold 

methods

Operations not included 

in this project

Algorithms Stacking
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Finally, as it was mentioned before, this project will be used for the Social Wellbeing 

project but the implementation in the real world and the subsequent testing of the 

application was discarded for this research because of the time needed to develop the 

system.  
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SECTION 2: RELATED WORKS 
 

Many studies in the field of activity recognition focus on detecting the specific activity 

the subject is performing [1, 2, 3, 5, 6, 7, 8, and 21]. Some of these studies use tri-axial 

accelerometers [1, 2, 5, 6] located in different parts of the body such as chest, wrist, 

thigh, waist and ankle [1]. 

 

Other papers use bi-axial accelerometers [3] and most of them employ almost the same 

number of accelerometers (five) which would be a problem in a real world application. 

 

In [6] it is demonstrated that good results could be obtained with just one device 

configured with the proper settings and in a good body location (pelvic area). However, 

the frequency used here was 50 Hz with 50 % overlap and sampling rate of 256 samples 

per window while in [7], 10 Hz was more than enough. It should be noted that 

depending on the algorithm you are running, there are some restrictions when 

processing data. In [4] it has been stated that a 128 sample window for the wavelet 

algorithm is the minimum size permitted. This observation has been taken into 

consideration as a reference point in this study.   

 

Other researchers have tried to analyse Laban categories using a Kinect camera in a 

controlled environment [25], but the main issue is the limited functionality as it is an 

indoor device. Another issue is the operational complexities it presents, such as the 

installation of the camera in the room and the necessity for an external device to control 

it. 

 

In this study previous approaches have been taken into consideration. In order to build a 

proper Laban Effort framework some of the activities and sensor locations presented in 

previous research papers have been taken into account, if they were considered relevant 

for this research. In most studies they have been trying to detect almost the same 

activities i.e. walking, running, stairs up, stairs down, etc. [1, 2, 4, 6, 7, 15, and 21]. 

However, in some of these studies there are some other relevant activities, such as fall 

detection [7, 12, and 13], this is a relevant approach of what a Sudden movement is and 

it gives a good indication of how to succeed detecting this kind of movement.  

 

The activities that most papers use in their studies are contained within the Sustained 

category. The fall detection attributes used in [12, 13] are related to the Sustained 

category in order to complete the Laban Time framework and create a system which can 

determine whether a movement that is Sudden or Sustained. 

 

For the Weight and Flow categories, [25] exposes that even an expert cannot clearly 

classify if a movement belongs to a specific element of each category. In addition, it is 

also shown that it depends on the viewer so, at this point, it was necessary to create 

some new activities in accordance with the Flow and Weight categories.  
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SECTION 3: THEORY AND METHODOLOGY 
 

In this section the methodology carried out throughout this research will be described. 

Then, the activities performed and the settings used in the accelerometers during data 

collection will be detailed, followed by the explanation of the features extracted from 

the raw accelerometer data and the classifiers that have been tested in this study. 

Finally, the process of result acquisition will be illustrated. 

 

3.1 DEFINITIONS 
 

As it has been demonstrated in [25], even an expert cannot categorically determine 

whether a movement is Free, Bound, Sudden, Sustained, Strong or Light. This 

classification may even vary from expert to expert. Knowing this, these types of 

movement have been defined for the purpose of this study as follows: 

 

 Sudden: A sudden movement is a swift movement that does not follow any 

particular pattern. 
 Sustained: A sustained movement is a continuous movement that follows a 

specific pattern. 
 Strong: A strong movement is a movement where the person performing the 

movement has a hard time doing it. Meaning, the person must make an effort to 

do the activity. 
 Light: A light movement is such that the person performing the activity should 

do so effortlessly. 
 Free: A free movement is a movement characterized by open postures where the 

extremities of the body, mainly upper body limbs, are kept mostly away from the 

body. This can be visualised as an open posture.  
 Bound: A bound movement is a controlled movement performed with the 

extremities close to the body. 
 

KAPPA STATISTIC: Measures the agreement of prediction with the true class, while 

correcting for an agreement that occurs by chance. 1 signifies complete agreement. 

However, it does not take costs into account. [26, 27] 

PRECISION: Is the proportion of instances which truly have class x among all those 

which were classified as class x. In the matrix, this is the diagonal element divided by 

the sum over the relevant column. That is, precision is the portion of relevant 

documents in the results returned; i.e. a precision 0.75 means that 75% of the returned 

documents were relevant. [26] 

RECALL: Is the ratio of relevant documents found in the search result to the total of all 

relevant documents. A higher value of recall indicates that relevant documents are 

returned more quickly. 

F-MEASURE: Is simply 2*Precision*Recall/(Precision+Recall), a combined measure 

for precision and recall. [26] 
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ROC AREA: Also known as AUC is the probability that a randomly chosen positive 

instance in the test data is ranked above a randomly chosen negative instance. The best 

outcome is that all positive examples are ranked above all negative examples, in which 

case the AUC is 1. In the worst case it is 0. If the ranking is essentially random, ROC 

area is 0.5. If the value is significantly less than 0.5, the classifier has performed anti-

learning. [27] 
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3.2 METHODOLOGY    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The figure above shows the methodology followed throughout this study. 

 

 

The figure above shows the methodology followed throughout this study. 

The first and second steps were carried out simultaneously. The first step that was taken 

was to obtain theoretical background on how to properly carry out the study. This 

background included reading previous research papers on activity recognition, 

familiarization with machine learning techniques and the Weka toolkit. 

Figure 1: Methodology Diagram 
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The second step was to select the hardware (accelerometers) to be used for data 

collection.  

 Due to availability the first device used was the Sun SPOT. However, there were 

a few issues with this device, mainly software incompatibility and a lack of 

support.  

 The next device that was considered was the accelerometer in a Samsung Galaxy 

SIII. After some research, a smartphone was deemed unfit to collect 

accelerometer data for this study due to various reasons. Setting the sampling 

rate for accelerometer data collection in a smartphone is restricted to four values. 

These four values vary from smartphone to smartphone. As it turned out, one of 

the four sampling rates available in the Samsung Galaxy SIII was close to the 

target frequency for this study.  Nonetheless, it could not be selected with 

precision. Moreover, even if the correct sampling rate could be chosen, in an 

Android device, accelerometer data is only collected when the acceleration 

values vary, rendering the sampling rate mostly undetermined.  

 Finally, a Shimmer Lab Development Kit was bought for the purpose of this 

study.   

 

Once the devices for data collection were finally obtained, we proceeded to the selection 

of the activities that would be done by the subjects during data collection and the 

features that would be extracted from the data collected. Afterwards, the converter 

subsystem (Section 4.1.2) and filtering subsystem (Section 4.1.3) were developed. The 

data was also collected.  

Once done, the two subsystems were integrated and any issues that arose were handled 

accordingly. The creation of the files generated from the collected data through the 

developed system was then, tested. After the correct creation of these files was verified 

we proceed to the processing the different files to obtain the results.  

The procurement of the results has been performed in three different ways: 

1. 10-fold cross validation 

2. Model built on all users, run through a separate test set. 

3. Leave-one-out cross validation (LOOCV) performed per subject and then 

averaged. 

The methodology followed to obtain the results is explained in more detail in Section 

3.6 
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3.3 DEFINITION OF ACTIVITIES 
 

In this section the activities selected for the research are presented. As it has been 

previously mentioned and also reflected in the tables below, the objective has been to 

obtain the same amount of data per category. However, this has not been possible since 

there is not the same number of activities per category.  

The activities used to collect data for each Laban element: Sustained, Light, Bound and 

Strong, are the same, except in some cases where there are slight variations in the way 

an activity is performed. The first three elements use the same activities but only differ 

in the attributes of the cycling activity. In the Light element, the bicycle transmission 

was set up to gear number one whereas in Sustained and Bound was number two.  

Finally, the gear employed in the element Strong was the third one and the subject also 

was asked to wear a backpack with some heavy items which generated a greater level of 

effort to the subject. 

The next subsections are going to focus on the explanation of the activities mentioned 

above.  

 

3.3.1 SUSTAINED, LIGHT, BOUND AND STRONG ACTIVITIES 

 

For the first three elements (Sustained, Light and Bound), the subject was asked to 

perform seven activities. Since these elements contain the same seven activities, the 

subject only performed them once. Each activity took one minute.  

The subjects had to perform walking, running, stairs up, stairs down, sitting, lying 

standing and cycling.  

The element Strong contains a variation of the activities mentioned above. In this case, 

the subject was asked to carry some heavy objects in a box and also in a backpack. The 

purpose of this, was to increase the activity’s effort level so, the subject would feel it 

was a “strong activity”. As it is reflected in the tables below, some of the seven 

activities mentioned previously have not been taken into account within this element 

framework. These activities are: lying, sitting and standing. 
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3.3.2 SUDDEN ACTIVITIES 
 

This element contains the necessary activities to collect sudden movements. Due to the 

fact a sudden movement is something that happens in a short period of time, each 

activity performed to collect sudden data is a series of sudden movements. The 

activities defined are the following:  

 Finding a cell phone: A cell phone was hidden in a room always in the same 

place. The phone had been called so the subject knew the area where to look for 

it.  

 Putting shoes on and taking them off: These activities are one of the daily 

actions that a person performs. One of these actions does not take a whole 

minute in some cases, depending on the subject. It was decided to perform both 

actions during one minute to create a whole activity. 

 Getting dressed to go outside: Like in the previous activity, the individual had 

been asked to wear a winter cap, a pair of gloves, a scarf and a coat over and 

over again during one minute. 

 Simon says, a kid’s game: In this game the researcher says something and the 

subject has to perform it. A combination of actions was planned beforehand. The 

researcher went through this pre-written list, telling the subject to do each action 

switching between them with very little time between one action and the next. 

The intent was to make the change in activities as sudden as possible. These 

actions were: Walking, running, jumping, hopping right leg, hopping left leg and 

stopping. 

 Cleaning: In an open room, some trash was placed on the floor and on a table, so 

the subject would have to sweep the floor and use a cloth to clean the table. 

Some notes were written on a whiteboard so that with the help of a rubber, it had 

to be cleaned by the individual. The activity of cleaning was recorded for one 

minute. An extra task was also planned in case the subject finished cleaning 

before the minute was up. However, this extra task was not performed by any 

subject. 

 Making a sandwich: This activity tried to simulate a cooking activity. It is an 

approach of this daily action but, because of the time employed during data 

collection per activity, a few ingredients were scattered around a room and the 

subjects could select which ingredients to use. This activity was chosen as 

throughout the activity sudden movements are done continuously. 
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3.3.3 FREE ACTIVITIES 
 

This Laban Effort element, as it is shown in the tables, contains just three activities. 

Each one of these activities was chosen because it generates a series of free movements 

when performing the activity: 

 Dancing: For this activity each subject was granted a private space in an 

effort to not make the individual feel self-conscious and therefore negatively 

impacting the data collection of this activity. Dancing has twice the samples 

the rest of activities do in order to cover some of the sample shortage in this 

category. 

 Running like “Homer in Land of Chocolate”: This combination of actions 

was extracted from “The Simpsons” TV show where one of the main 

characters was generating free movements throughout the activity. It is an 

activity in-between running and jumping as it is shown in Figure 2. 

 Walking like “Sound of the music”: With this activity, which is based on the 

beginning of the classic film “The Sound of the Music”, the idea is to again, 

collect free movement such as in Figure 3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

The tables show the average of data collected per activity. Some activities, such as stairs 

up or stairs down, were performed in less than one minute because of the stairs used for 

the test.   

Figure 2: Homer in the Land of Chocolate 

Figure 3: The Sound of the Music 
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Table 4: Activities performed for Strong and Light 

category 

Table 5: Activities performed for Free and Bound 

category ccccacategory category 

Activities Time (min) Samples Activities Time (min) Samples

Walking 1 600

Running 1 600

Standing 1 600

Sitting 1 600

Stairs up 1 600

Stairs down 1 600

Cycling 

Gear 2
1 600

Walking like 

"Sound of 

the music"

1 600 Lying 1 600

2 1200

1 600

4800

Bound

Free & 

Bound

Free 

Total 3 4 2400 8 8

Running like 

"Homer in 

land of 

chocolate"

Dancing

Table 3: Activities performed for Sudden and Sustained 

category 

Activities Time (min) Samples Activities Time (min) Samples

Walking 1 600

Running 1 600

Standing 1 600

Sitting 1 600

Stairs up 1 600

Simon says 

kids game
1 600

Cleaning 1 600 Cycling Gear 2 1 600

Making a 

Sandwich
1 600 Lying 1 600

1

1

600

600

600

Stairs down 1 600

48006 6 3600

Sustained

Finding a 

cellphone
1

Total 8 8

Sudden 

Sudden   & 

Sustained

Getting dress 

to go outside

Putting shoes 

on and off
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3.4 ACCELEROMETER SETTINGS 

3.4.1 SAMPLING RATE  
 

The frequency at which the Shimmer devices (accelerometers) sample data during data 

collection has been set to 10 Hz. This sampling rate has been considered to be sufficient 

based on previous research papers. [1, 7] 

 

3.4.2 RANGE OF ACCELERATION 
 

The range of acceleration used in the Shimmer devices has been set to ±6g. The 

Shimmer device allows ranges of acceleration of ±1.5g and ±6g with the Android 

application provided by the Shimmer device company. In order to collect the data in a 

correct way, the internal timestamp of Shimmer devices was selected to synchronize the 

data. 

Previous research papers stated that ±2g was insufficient to determine vigorous exercise 

[22]. This motivated the selection of a ±6g range, especially since body limbs and 

extremities can exhibit a ±12g range in acceleration. Fortunately, other studies have 

shown that the use of ±6g acceleration range can be sufficient [12, 13]. A higher 

acceleration range may have been a better choice; however the Shimmer device set the 

limitation. [3]  
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3.5 PREPROCESSING  

 

Four attributes per device have been extracted from the accelerometer data: acceleration 

X, acceleration Y, acceleration Z and timestamp. These values may provide further 

information about the movement performed if the correct set of attributes is extracted. 

In order to obtain these features, the input data has been windowed. The window size 

and overlap are relevant to the correct extraction of attributes. As was previously 

mentioned, the decision of which features to obtain as well as the window size and 

overlap, has been decided through thorough study of previous research papers dealing 

with accelerometer activity recognition. 

 

3.5.1 FEATURE EXTRACTION 
 

The 156-dimensional feature vector extracted from the accelerometer data: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 6: Data attributes 
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3.5.1.1 TIME-DOMAIN FEATURES 
 

ACCELERATION VECTOR MAGNITUDE (LENGTH) 

Module of the three dimensional input data (X, Y and Z). It could be useful in 

differentiating dynamic activities from static ones. During a dynamic activity the 

magnitude of the acceleration vector is constantly changing. However, in a static 

activity this value will remain constant and equal to the Earth’s gravity (1g). The 

acceleration module is also used in the extraction of other attributes. [1] 

 

 

 

MEAN 

DC component of the acceleration signal calculated over a specific window. It is in fact 

performing a low pass filter (LPF) over the acceleration data. Information about where 

the data lies can be garnered from this attribute. The formula value “n” refers to the 

window size. The mean was calculated for each axis(x, y and z), over the three axes and 

for the attribute length. [3, 19] 

                                                                             

                                                                                            

 

 

ROOT MEAN SQUARED (RMS) 

RMS is similar to the Mean value. It provides further information for those situations 

where the acceleration values vary from positive to negative. For instance, whilst a user 

is walking the acceleration values for the wrist device will be changing from +X g to -X 

g. The formula value “n” refers to the window size. The RMS was computed for each 

axis(x, y and z), over the three axes and for the attribute length. [1] 

 

 

 

 

 

Figure 4: Length formula 

Figure 5: Mean formulas 

Figure 6: RMS formulas 
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STANDARD DEVIATION (STD) 

Aids in distinguishing static from dynamic activities as the range of acceleration values 

can differ for these types of movements. It acquires high values for ambulatory 

movements and low values for static activities. It can detect when the movement of an 

accelerometer is intense as it calculates the distance from the average. It provides 

information about how scattered the acceleration data is. The formula value “n” refers to 

the window size. The STD was estimated for each axis(x, y and z), over the three axes 

and for the attribute length. [1, 6, 18] 

 

 

 

 

 

KURTOSIS 

Kurtosis is a statistical value that evaluates the peakedness of the data distribution. 

Standard deviation only gives information on whether or not the data is scattered but it 

does not provide insight into how it is distributed. A low kurtosis value indicates a 

variance that is equally distributed, meaning there is a low scattering. The formula value 

“n” refers to the window size. Kurtosis was calculated for each axis(x, y and z) and over 

the three axes. [33] 

 

 

 

SKEWNESS 

Statistical value that measures the extent to which the data tends to lie towards one side 

of the distribution of the mean. The skewness value can be negative or positive, 

depending on whether the data distribution leans to the left (negative skew) or to the 

right (positive skew) of the average. The formula value “n” refers to the window size. 

Skewness was estimated for each axis(x, y and z) and over the three axes. [34, 35] 

 

 

 

 

Figure 8: Kurtosis formula 

Figure 9: Skewness formula and representation 

Figure 7: STD formulas 



 
29 

 

ACCELERATION VECTOR CHANGE (AVC) 

AVC provides information about the changes in the acceleration vector. The faster the 

movement is the greater the variation of this feature. [1] The formula value “n” refers to 

the window size. 

 

 

 

 

3.5.1.2 FREQUENCY-DOMAIN FEATURES 
 

FAST FOURIER TRANSFORM (FFT) 

FFT is a typical signal processing approach which can be used to transform the signal 

from the spatial domain to the frequency domain. FFT describes how the acceleration 

data points are distributed in the frequency domain. It is essential for the determination 

of cyclic activities. Five FFT components have been computed for each axis(x, y and z). 

[18, 19, 20, 14, 10, 4] 

 

SPECTRAL ENERGY 

Frequency-domain features have the capability of  obtaining patterns within the 

acceleration data which in turn makes it possible to discriminate between activities of 

diverse intensity, from low intensity activities (i.e. sitting) to high intensity movements 

(i.e. running). Besides differentiating activities, this feature is also useful to assess the 

energy expenditure of a subject when performing activities. 

Energy is calculated as the sum of the squared FFT components within a window. The 

result is then divided by the window length for normalization. Energy was determined 

for each axis(x, y and z) and over the three axes.  Xi is each of the FFT components for 

the window. [3, 19, 24] 

 

 

 

 

 

Figure 10: AVC formula 

Figure 11: Energy formula 
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PRINCIPAL FREQUENCY 

Different activities generate a range of frequency peaks. For example, the expected 

range of walking frequencies is between 0.7 to 3.0 Hz. The frequency may prove useful 

in determining the different types of activities. [14] 

 

3.5.2 WINDOW SIZE and WINDOW OVERLAP 
 

 

 

 

 

 WINDOW SIZE 

ALL FEATURES EXTRACTED  

The window size was selected to minimize the data processing time and maximize the 

relevance of the features obtained. In past research in the field of activity recognition a 

128 window size has been used although usually the sampling rate for these studies was 

higher than the 10 Hz used in this research. In this research a larger window size than 

most studies have selected with this sampling rate was used to experiment whether a 

12.8 second window would perform accurately with such a small sampling rate.  

FAST FOURIER TRANSFORM (FFT)  

The election of the number of samples used to obtain the FFT is relevant as a good 

resolution to discern various fine-grain movement patterns is required. For example, in 

a previous study the detection of cyclic upright activity characteristic of walking 

requires FFT to be applied to at least 3 seconds of data to obtain a magnitude spectrum 

of the signal. Given all the information provided by previous research papers a window 

of 128 samples was chosen. This represents 12.8 seconds of data per window. This 

window size was selected in a trade-off between fast computation of the data and the 

ability to accurately determine cyclic movements. [18, 19, 20, 14, 10, 4] 

 

WINDOW OVERLAP 

A 50% window overlap has been deemed sufficient to compute the features, as past 

studies have proven this overlap to be successful. Given that the window size is 128 

samples there are 64 samples overlapping between consecutive windows. [3] 

Table 7: Window size and overlap 
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3.5.3 CLASSIFIERS 
 

For this research, in order to be as through as possible, nine different machine learning 

algorithms have been selected to test their classification accuracy when tackling the 

classification problems for the different types of movements included in the Laban 

Effort system. 

 

3.5.3.1 BASE-LEARNERS 
 

OneR 

OneR is a basic algorithm that serves in this study as the base-line scheme. It is a one 

rule algorithm as it generates a one-level decision tree, setting rules for just one of the 

attributes provided in the feature vector. It assumes just one of the attributes provides 

the relevant information to classify the class accurately. It searches for the best attribute 

and proceeds to build the tree. This base method often provides surprisingly good and 

fast results.  

Naïve Bayes 

Popular algorithm in the field of activity recognition due to its simplicity, computation 

speed and effectiveness as a classifier [21, 7, 6, 1]. It is based on Bayesian probability 

and it works under the assumption that all attributes are independent from each other. 

This is clearly a “naïve” expectation in real world terms. However, it tends to perform 

admirably well, especially when proper feature selection is performed to eliminate 

redundant (non-independent) attributes. This presumption is Naïve Bayes’ greatest 

setback.  

C4.5 

A divide-and-conquer approach to decision trees that is favoured in the field of activity 

recognition [24, 23, 19, 9, 7, 6]. In this study the java implementation in the Weka 

Toolkit, J48 of the C4.5 algorithm has been used. It offers a maximal gain of bits when 

choosing the correct nodes in the trees. The J48 has been set to build a pruned tree so as 

to minimize the possibility of the trees being overfitted to the training data and hence 

not being able to generalize properly to independent test sets.  

Logistic Regression 

A probabilistic classifier that creates linear boundaries between instances to decide 

which class an instance belongs to. Logistic regression attempts to produce accurate 

probability estimates by maximizing the probability of the training data. This classifier 

is not often used in the field of activity recognition as it poses a classification problem, 
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whereas Linear Regression is most often used in regression problems. However, it can 

be used and it is known to have achieved great results. [24] 

Support Vector Machine 

SVM has become widely accepted in recent years in the Machine Learning field [11, 24, 

6, 7, 10]. It is a geometric approach to classification where the class is classified 

through a construction of decision boundaries between the features, specifying regions 

for each class. These decision boundaries are developed during the training phase of the 

model. This particular geometric-based classifier is a blend of linear modelling and 

instance-based learning and it creates boundaries maximizing the margins between data 

points of features pertaining to two distinct classes. This classifier is very resilient to 

overfitting as the boundary depends on just a few points of the dataset. In this study the 

SVM used is SMO implemented in Weka. 

K-Nearest Neighbour 

The k-NN classifier is an instance-based learner that finds the closest training data 

instance to the given test data instance, in terms of Euclidean distance, assigning to this 

test instance the same class of the training instance. This algorithm assumes all 

attributes in the feature vector are equally important. For this study the IBk 

implementation of a k-NN classifier in Weka is used and configured as a 1-NN to make 

the algorithm as simple and as fast as possible. This classifier is frequently employed in 

activity classification. [4, 5, 7, 13]  

 

3.5.3.2 META-LEARNERS 
 

Meta-learners take simple classifiers (base-learners) and turn them into more powerful 

classifiers. These learners are more complex and generally perform better than the base-

level classifiers. However, these learning schemes are not always more accurate. [27] 

 

Bagging 

Bagging is a simple meta-level classifier. It uses a single base-learner at a time. A 

randomized redistribution of the training set is inputted to train each classifier. Hence, 

several training sets of the same size are created by sampling the original training set 

with replacement. Then, a model for each one of the training sets is obtained using the 

same algorithm (the algorithm that is been bagged). Afterwards, all the predictions of 

the different models are put to a vote to obtain the class. This is suitable for “unstable” 

learning schemes, that is, those algorithms where a small change in the training data can 

make a great difference in the model (i.e. Decision Trees). However, it is not suitable 

for Naïve Bayes or instance-based learning. [6, 7, 9] 
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Random Forest 

It is a popular classifier in machine learning that usually provides very positive results 

[7, 8, 9]. This is an ensemble classifier that constructs random forests by bagging 

ensembles of random trees. This way the algorithm is randomized by randomizing the 

nodes the trees branch on, which generally improves decision tree algorithms.  

Boosting 

Boosting applies a single learning algorithm repeatedly and uses voting, in a 

classification problem, to turn the classifier into an “expert”. The boosting model learns 

from misclassifications in each iteration of a past model and reassigns weights 

accordingly so as to improve the accuracy of the final model. In this study the Weka 

toolkit implementation of boosting: AdaBoostM1 is used. [6, 7, 8] 
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3.6 MACHINE LEARNING 

 

Once the pre-processing of the data has been accomplished, with the creation of the 

156-dimensional feature vector and the selection of the classifiers to be tested, the next 

step was to select the best features for optimal classification accuracy and find the best 

algorithm to solve the study’s classification problems. 

  

3.6.1 FEATURE SELECTION 
 

The feature selection process has been performed using both, the wrapper method and 

the filter method. This has been done to obtain the best set of features that provides the 

highest accuracy and minimizes overfitting. In both instances, Weka toolkit has been 

used to create the different sets of features. 

 

WRAPPER METHOD 

Wrapper methods measure the quality of an attribute subset by building and evaluating 

an actual classification model, which is expensive in terms of cost but often delivers 

superior performance in comparison with filter methods.[27] The wrapper method 

handled during this study and implemented in Weka is CfsSubsetEval (attribute 

evaluator) + BestFirst (search method). The subset evaluator creates all possible subsets 

from the feature vector provided. 

The attribute evaluator determines through an algorithm which subset of features 

delivers the best results for that algorithm. Before evaluating the attributes, the numeric 

attributes are discretized using Weka’s supervised discretization method. 

The search method determines which and how many are the subsets of features tested. 

The BestFirst search method is used in this study which performs a forward/backward 

search algorithm. 

 

FILTER METHOD 

Filter methods apply a heuristic to measure the quality of a subset of attributes. The 

filter method employed during this study and implemented in Weka is 

InfoGainAttributeEval (attribute evaluator) + Ranker.  

The attribute evaluator evaluates attributes based on their information gain with respect 

to the class. This filter method creates a ranking list of the feature vector organized 
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according to the awarded merit value. Before evaluating the attributes, the numeric 

attributes are discretized using the MDL-based discretization method. [27] 

 

3.6.2 SUBJECT DATA PROCESSING 
 

The processing of data to obtain the accuracy results of different classifiers was done in 

three separate ways: 

1. 10-fold cross validation on all subjects. 

2. Model built on all subjects, run through a separate test set. 

3. Leave-one-out cross validation (LOOCV) performed on each subject and then 

averaged. 

These processes were done to obtain the finest classifier with the best feature set. 

Methods 2 and 3 are explained below. Method 1 can be extrapolated from the 

explanation of method 2. 

 

3.6.2.1 SEPARATE TEST SET 
 

 

 

 

 

 

 

 

 

 

 

 

 Figure 12: Separate Test Set diagram 
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This diagram represents the process for each type of movement classification (i.e. 

Sudden/Sustained). This process is therefore repeated three times, once for each type of 

movement. 

The process for one type of movement (i.e. Free/Bound) is as follows. Seven different 

files of training data (from all subjects involved in this study) have been created, given 

there are seven combinations of devices per type of movement.  

 File 1: Training data from all devices: chest (D1), thigh (D2) and wrist (D3). 

 File 2: Training data just from the chest (D1). 

 File 3: Training data just from the thigh (D2). 

 File 4: Training data just from the wrist (D3). 

 File 5: Training data from both chest (D1) and thigh (D2). 

 File 6: Training data from both chest (D1) and wrist (D3). 

 File 7: Training data from both thigh (D2) and wrist (D3). 

Each one of these files has gone through feature selection.  

First the wrapper method has been used to extract the best set of features. Then, the 

Training Set and the Test Set have been modified to only include the wrapper method’s 

selected features. From the results garnered after running the Test Set through the 

different classifiers, the best classifier for that file is picked. This “best” classifier may 

not have a good enough accuracy (>90%), if that is the case then feature selection is 

performed on the original Training Set but working with filter method. On the contrary, 

if the “best” classifier in this case is a good classifier, then that is the classifier that is 

considered as “winner” for the file under study (i.e. File 2). 

Given the accuracy of the “best” classifier from wrapper method is <90%. The process 

of Test Set is repeated for the filter method’s selected attributes. If as a result of feature 

selection through filter method the “best” classifier selected from filter method is still 

flawed, the full original Training and Test Set are trained and tested, respectively, on all 

the classifiers as a last resort. In this case, if the “best” classifier is still unsatisfactory, it 

will be considered the “winner” for that file (i.e. File 5). If on the other hand the “best” 

classifier from the filter method is strong enough then that classifier is considered the 

“winner” for that file. 

This process is repeated for each one of the seven files of a type of movement. When 

the seven “winner” classifiers for a type of movement have been chosen, the 

researcher/s decide which of the seven classifiers is the best which in turn provides the 

best location/s for the device/s i.e. Random Forest (15 attributes) in thigh (D2) for 

Sudden/Sustained.  
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This is then duplicated with each of the seven files pertaining to each of the two types of 

movements left. That results in three “winner” classifiers in the same or different body 

locations. A single “winner” classifier may be then deduced from these three classifiers 

also providing ideally a “winner” location/s. A single location is preferable. 

 

3.6.2.2 LEAVE-ONE-SUBJECT-OUT CROSS VALIDATION 
 

For this procedure is like performing a manual 10-fold cross validation but being 

subject specific. 10-fold cross validation splits the entire file (containing the data from 

all subjects) in 10 equal parts to train the classifier on 9 parts of the data and test on the 

remaining one. 

 

However, leave-one-subject-out cross validation trains the classifier on 9 subjects and 

uses the subject excluded to test it. For instance, if the classifier has been made for 

subject number 8, there would be two different files: The file used to train the classifier 

(which contains the data from subject 1 to 7 and 9 to 10) and the test set file which in 

this case, would be subject 8’s data. This procedure is repeated ten times (one per 

individual) excluding a different subject each time. This would generate 20 files: 10 of 

them excluding a different subject and 10 with the subjects’ data separately (one in each 

file). 

 

These two methods seem to follow the same procedure but, the main different is that in 

10-fold cross validation, the program automatically splits the whole file in 10 equal 

parts meaning each one of these parts could contain data from different individuals. On 

the other hand, leave-one-subject-out cross validation guaranties there will be no 

overlapping data between the test set and the built classifier; therefore, this method is 

more realistic. The diagram below shows the different classifiers built to test the 

different algorithms. 

  

Figure 13: LOOCV diagram 
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In the diagram, the four main modules that conforms this procedure are shown: 

 

 Categories: This module shows the three different categories in the study. 

 

 Subjects: This module contains all the files of the subjects’ data for each 

category. Within this module there are two kinds of files: One with data from all 

the subjects except one of the ten subjects and the other with the independent 

subject data previously left out. 

 

 Files.Arff: It shows that, from the files mentioned in the paragraph above, four 

different files have been extracted, one file per device and another for all the 

devices together. At this point, the system would be fed with 240 different files: 

20 files from the three different categories and, each file, would be decomposed 

into 4 different files in order to analyse the devices separately and all together. 

The files have been analysed in pairs: the file which contains all the subjects’ 

data (except subject “n”) has been used to build a classifier and then, the “n” 

subject’s data file has been used as a test set. 

 

 Analysis System:  Before analysing the data, a feature selection process had been 

performed to find the best attributes using both, wrapper and filter method for 

the first subject. After this procedure, the results given for both methods were 

compared and contrasted choosing the best method to pursue. Then, when the 

attributes had been selected, the data has been analysed for the pair of files 

mentioned above (one that does not contain the specific subject and the other 

with just the excluded subject data). The results obtained from testing each user 

were averaged in order to attain the mean accuracy, kappa statistic, F-measure 

and ROC area for each algorithm used. Nine algorithms were run per subject. 

The analysis was done for all subjects per category and device group (device 1, 

device 2, device 3 and all together). This means that, each category would have 

three different tables. 

 

3.6.3 CLASSIFIER ASSESSMENT 
 

The assessment of the classifiers has been done through the use of certain statistical 

criteria. The figures that were taken into account were: Accuracy rate, Kappa statistic, 

F-measure and ROC area. The meaning of these figures has been previously explained 

in section 3.1. 

Ideally the best classifier would give an accuracy of 100%, a kappa statistic of 1, a F-

measure of 1 and a ROC area of 1. However, properly assessing classifiers is not so 

clear-cut. Many other factors should be taken into account. For example, computation 

time, memory usage, complexity, etc. 
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SECTION 4: DEVELOPMENT 
 

This section focuses on the tools which have been developed for the research and also 

on the data collection. Here, the implementation of the tools that have been used to 

solve the existing connection problem between different technologies is shown. 

 

4.1 SOFTWARE DEVELOPMENT 

 

For the research, data has been collected using Shimmer devices that send the 

acceleration data to the MSS Android application. The application has been used to 

store the data. However, the data format provided by MSS is incompatible with the 

WeKa toolkit. In addition, some extra features were required for the WeKa toolkit to 

determinate to which Laban elements the activity (which the subject was performing) 

belongs to. For these purposes, two different tools were developed, one of them 

generates the extra attributes from the original data and the other one, writes all the data 

in a proper file format for further WeKa toolkit analysis. 

 

4.1.1 SYSTEM DIAGRAM 

 

The system built for the research is a combination of different devices that perform 

specific functions to deliver a result. 

As it was mentioned in previous paragraphs, three Shimmer devices have been used for 

collecting data and they were located in different parts of the subject’s body. Following 

previous works, the location of the devices was chosen to be on the chest, wrist and 

thigh for which good results have been demonstrated in the past [1, 2, 5, and 6]. Figure 

14 shows the structure of the full system. 

The system consists of the following modules: 

 Shimmer device: These devices allow collecting the acceleration data from the 

subjects. It contains a tri axial accelerometer and captures the acceleration in 

“x”, “y” and “z” axes, sending the data through a Bluetooth connection to a 

smartphone. The device also includes straps to attach it to the subject’s body.  

 

 Smartphone: This device is used to collect the data sent from the Shimmer 

devices. The smartphone runs an application on Android OS which is in charge 

of storing the data and it has been developed by Shimmer Sensing Company. 

This app includes a start/stop button to log the information received through the 

Bluetooth connection. It delivers the acceleration information in a .DAT file 

format and also provides a graphical visualization of the data. 

 

 Computer: This part of the system is in charge of processing the data which has 

been collected before. Using the .DAT file created by the Shimmer application, 

which contains the original data, the computer runs the tools developed for the 

research that converts that data file into an .Arff file format accepted by WeKa 

toolkit and also introduces more information based on the original data. Finally, 

as a result of applying Machine Learning algorithms with WeKa toolkit, the 
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program offers in one hand a classifier output file (in “.Module” format) and in 

the other hand the quality and accuracy information contained within a log file ( 

in “.File” format) that shows how good and reliable the classifier (that has been 

obtained before) is. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The part which has been developed is the Pre-Processing data system, shown in Figure 

14 and Figure 15. This subsystem includes two different modules that perform different 

actions and interact with each other to deliver an Acceleration.Arff file. This file 

contains the information collected with the Shimmer devices and the additional 

information extracted from the acceleration data mentioned before. The Figure 15 

shows the structure of the Java classes that have been implemented to reach these 

objectives. The next two subsections show the internal interaction of the Pre-Processing 

system. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14: Deployment diagram 

Figure 15: Class Diagram 
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4.1.2 FILE CONVERTER SUBSYSTEM 

 

This part of the system covers, in one hand, the functionality of converting the original 

data into .Arff file format and, in the other hand, providing the Filtering subsystem with 

the necessary settings to create the new information. It was necessary to support the 

program using a specific folder system that labels the data in different categories. 

First of all, as it is shown in Figure 16, there are two main folders: FilesDat and 

FilesArff. The first one contains the folders of the subject’s data and, within each 

subject’s folder, there are four folders more, one per Laban Effort’s element. Then, 

when the Pre-Processing system finishes the operations, it puts the output .Arff file into 

FilesArff folder with the date, number of subjects involved in the file and Laban 

element which it belongs to. The purpose of this structure is providing the program with 

an automatic access to the files and creating a unique file with all the subjects’ data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The program has been created to interact with the researcher. It gives some options to 

the researcher, such as the number of subjects involved in the file, window size and 

overlap. 

Figure 16: Files structure 
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The program also features a protection system that ensures that no invalid values are 

entered into the program. This is a very important part of the program because, 

otherwise, the Filtering subsystem could not succeed in its function. 

 

The next diagram shows what a correct interaction with the program is. The elements 

involved in the diagram display a developer introducing the settings of the file such as 

type of activity, subjects included in the output file, the window size and the window 

overlap. It is also shown how this subsystem interacts with the Filtering subsystem that 

completes the Pre-Processing system. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 17: Sequence Diagram 
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To dig a little more into the system, Figure 18 shows the state diagram of the converter 

subsystem. Each state demonstrates the input values, the output values as well as the 

functions it performs. When the program reaches the Conversion state it means that all 

the values have been introduced correctly and the files from the subjects were found in 

the correct folders. At this point, this module interacts with the Filtering subsystem 

through Filter writer state, providing the settings previously mentioned. As it was 

presented in Figure 15, this function has been performed by Custom Device Java class 

which is in charge of writing the values to the new file and the values calculated in the 

Filtering subsystem. If the program succeeds, it shows a positive message. All the 

interactions with the developer have been performed using the command window.  

  

Figure 18:File converter subsystem State Diagram 
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4.1.3 FILTERING SUBSYSTEM 
 

The filtering subsystem obtains the accelerometer data of a .dat file and generates a 

series of values from that data in order to give the feature selection process the best 

opportunity at obtaining the most significant attributes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This subsystem gets called from the file converter subsystem which passes as 

parameters the Filter settings: the file to be read, the window size selected, the 

percentage of window overlap and which lines to read within that file.  

The program starts by calculating the number of samples that overlap per window. 

Then, the file is read according to the settings received. The first window of data is 

accessed and the following values are calculated for that window, per axis: RMS, Mean, 

STD, kurtosis, skewness, timeframe, spectral energy, the first 5 FFT components, main 

frequency and length. The values calculated are stored in an appropriate manner to keep 

the coherency between windows. Afterwards, the next window of data is accessed. This 

process is repeated until there are no more windows left. 

Figure 19: Filtering Subsystem State Diagram 
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Once this is done, the stored values calculated above are windowed too and other 

attributes are, in turn, extracted from these windows: Mean length, RMS length, STD 

length, AVC, mean (over the 3 axis), RMS (over the 3 axis), STD (over the 3 axis), 

skewness (over the 3 axis), kurtosis (over the 3 axis) and spectral energy (over the 3 

axis). 

The data is seemingly windowed twice because there are certain extracted attributes in 

the second process of windowed data that require some of the calculated values in the 

first process of windowed data to have been previously stored. Otherwise, these last 

attributes would not have been obtained.   

The file converter subsystem, at some point calls a method pertaining to the filtering 

subsystem that reads through the extracted features and gives back the line of calculated 

attributes required so that the file converter subsystem may write into the generated .arff 

file not only the original values but also the extracted features.  

 

4.2 DATA COLLECTION: 
 

This subsection includes the explanation of how the data has been collected. The 

process of activity selection is explained in Section 2 and Section 3.  

 

The test has done over 10 subjects. Each subject has had to perform 23 activities of one 

minute each. The subjects were equipped with the devices on chest, thigh and wrist. The 

thigh and wrist devices were located depending on whether the subjects were left 

handed or right handed (in the dominant side of the body) and also aligned to the chest 

device. They were also equipped with a smartphone using a sport’s armband on the non-

dominant arm and with a stop watch to notify the subject when to stop performing the 

activity.  

 

Despite the fact that most activities were easy to explain to the subjects, in order to not 

condition them, the complexity of the Free category was explained playing the same 

video to each subject. The video was made before the test and different free movements 

were contained within it. 

 

As previous works recommend, a semi naturalistic test was carried out for this study, so 

the results vary from subject to subject making the data collection more realistic. 

 

The subjects were asked from time to time to give feedback on the position of the 

devices on their bodies. At the end of each activity, the correct position of the devices 

and the collection of the data was checked. 

 

To measure how long the test takes, one researcher performed the test before the 

subjects, measuring the time of the activities and of the smartphone configuration for 

the next activity. Since the test took 90 minutes, the test time was duplicated so that the 

time spent explaining the activities to the subjects were included. 
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According to [4], the age, height and weight data from the subjects was also collected 

using a quiz at the end of the test. The purpose of this was to see if the results changed 

depending on whether the subject was younger or older. They were also asked if their 

felt comfortable with the activities because [1] revels that some subjects were not 

comfortable performing them. The results of the quiz are in the following table: 

 

 

 

 

 

 

 

 

 

 

As it is shown in the table above, all of the participants in the test were right handed and 

were in good shape according to the body mass average. This quiz information could be 

used to replicate the experiment.  

All the activities were performed on flat surfaces and in the case of stairs up/down, the 

stairs were the same for all subjects. For these particular activities there was no 

restriction about the time because most subjects did it in less than one minute. Even if 

some of the subjects needed more time for any activity, the first minute of data has been 

the only information considered, past the first minute the samples have been discarded. 

The program for processing the data was also configured to discard 3 seconds (30 

samples) from the beginning and from the end of each activity that is a 10% of the data 

as some papers recommend [1, 11]. 

Finally, the test was performed outdoors except some activities. However, there were 

some subjects that could not perform the test outdoors because of the weather; therefore 

the test was done indoors so as to not put the subjects at risk. 

 

  

Table 8: Subject information 
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SECTION 5: EVALUATION 

5.1 10-FOLD CROSS VALIDATION 
 

The results obtained from 10-fold cross validation for all types of movements, 

Sudden/Sustained, Strong/Light and Free/Bound, ranged between 98% and 100%. 

These results are clearly overoptimistic. This is due to the models being overfitted to the 

training data.  These results have been discarded as they are not realistic. 

 

5.2 SEPARATE TEST SET 
 

The results obtained from training the models on all the subjects and testing them on a 

separate test set for each type of movement ranged between 83% and 95%. These 

results are more realistic than those obtained from 10-fold cross validation. However, 

we believe LOOCV to be a yet more realistic assessment on the accurateness of the 

classifiers; therefore these results have been discarded too. The full tables of these 

results are included in Appendix 1. 

 

5.3 LEAVE-ONE-SUBJECT-OUT CROSS VALIDATION 
 

The results of leave-one-subject-out cross validation are shown below. These first three 

tables list a ranking of the assessed classifiers for all device locations for each type of 

movement.  

 

 

 

 

 

 

 

 

 

Ranking All devices D1 D2 D3

1 Random Forest (10 trees) Random Forest (10 trees) IBk 1-NN Random Forest (10 trees)

2 IBk 1-NN SVM Random Forest (10 trees) IBk 1-NN

3 SVM Logistic Bagging SVM

4 AdaBoost M1 IBk 1-NN AdaBoost M1 Logistic

5 Bagging Bagging J48 J48

6 J48 AdaBoost M1 Random Forest (1 tree) AdaBoost M1

7 Logistic J48 Logistic Naïve Bayes

8 Naïve Bayes Naïve Bayes SVM Bagging

9 OneR Random Forest (1 tree) / OneR OneR / Naïve Bayes Random Forest (1 tree) / OneR

Sudden & Sustained

Table 9: Algorithm ranking of Sudden/Sustained LOOCV results 

algorithm ranking 
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The tables below show the best classifiers for each device location per type of 

movement i.e. Sudden and Sustained. The accuracy, the kappa statistic, the F-measure 

and the ROC area have been given for each classifier to give a clearer picture of how 

reliable these results really are. 

 

 

 

 

 

 

Ranking All devices D1 D2 D3

1 Random Forest (10 trees) Random Forest (10 trees) Bagging Random Forest (10 trees)

2 Bagging Bagging Random Forest (10 trees) Random Forest (1 tree)

3 J48 J48 J48 J48

4 Logistic Logistic Random Forest (1 tree) Bagging

5 SVM SVM IBk 1-NN AdaBoost M1

6 AdaBoost M1 IBk 1-1NN Logistic IBk 1-NN

7 Ibk 1-NN Naïve Bayes SVM SVM

8 Naïve Bayes AdaBoost M1 AdaBoost M1 Logistic

9 OneR OneR OneR / Naïve Bayes Naïve Bayes / OneR

Strong & Light

Table 10: Algorithm ranking of Strong/Light LOOCV results  

Ranking All devices D1 D2 D3

1 AdaBoostM1 Random Forest Random Forest Logistic

2 IBK1 SVM AdaBoostM1 SVM

3 Random Forest Logistic SVM Random Forest

4 Bagging IBK1 Logistic Bagging

5 J48 Bagging IBK1 AdaBoostM1

6 SVM AdaBoostM1 Bagging IBK1

7 Logistic J48 J48 J48

8 Naïve Bayes Naïve Bayes Naïve Bayes Naïve Bayes

9 OneR OneR OneR OneR

Free & Bound

Table 11: Algorithm ranking of Free/Bound LOOCV results  
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Sudden and Sustained 

 

 

 

 

 

 

 

 

Strong/Light 

 

 

 

 

 

Strong and Light 

 

 

 

 

 

 

 

 

 

 

 

0.8988

Random Forest 1 tree 80.11% 0.5796 0.7977 0.7903

0.8259

Device 3 ( WRIST )

Filter Method 

(infoGainattributeeval + 

ranker) 21 attributes

Random Forest 10 trees 83.05% 0.63931

0.7825

Random Forest 10 trees 73.78% 0.44349 0.7335 0.8175

0.7566

Device 2 ( THIGH ) All attributes

Bagging 76.35% 0.49826

0.8043

Bagging 70.52% 0.37031 0.6984 0.7453

0.722

Device 1 ( CHEST )

Filter Method 

(infoGainattributeeval + 

ranker) 30 attributes

Random Forest 10 trees 72.35% 0.42176

0.9416

Bagging 84.86% 0.67987 0.8471 0.8986

0.8689

All Devices

Filter Method 

(infoGainAttributeEval + 

Ranker) 27 attributes

Random Forest 10 trees 87.03% 0.7246

Devices Feature Selection Best Classifier

Reliability

Accuracy
Kappa 

Statistic
F-measure ROC Area

0.8314 0.8386

0.71716 0.8598 0.9371

0.8694

0.8137

0.9515

0.7453

Random Forest 86.16%Wrapper Method 

(Cfssubseteval+Best 

First)

0.8422 0.9124

Random Forest 10 trees 73.98% 0.47589

Filter Method 

(infoGainAttributeeval + 

ranker) 25 attributes

Random Forest 10 trees 87.51%

SVM 87.46%

Wrapper Method 

(CfsSubsetEval + Best 

First) 5 attributes

Device 3 ( WRIST )

Filter Method 

(infoGainAttributeEval + 

Ranker) 25 attributes

Random Forest 10 trees 84.35% 0.68561

IBK 1-NN 83.39% 0.66219

Device 2 ( THIGH )

IBK 1-NN 75.40% 0.49815 0.7462

0.7373

Device 1 ( CHEST )

0.8564 0.8583

All devices

IBK 1-NN 85.87% 0.71001

0.74849 0.875 0.9551

Logistic 86.89% 0.73142 0.8661

0.74375 0.8727

Devices Feature Selection Best Classifier

Reliability

Accuracy
Kappa 

Statistic
F-measure ROC Area

Table 12: Best Classifier for Sudden/Sustained LOOCV 

resalgorithm ranking 

Table 13: Best Classifier for Strong/Light LOOCV 

resalgorithm ranking 
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Free and Bound  

 

 

 

 

 

 

 

 

  

0.9545

SVM 87.31% 0.71801 0.8694 0.8567

Device 3( WRIST )

87.20% 0.71544 0.8687Filter Method 

(infoGainAttributeeval + 

ranker) 25 attributes

Logistic 

0.9293

Filter Method 

(infoGainAttributeeval + 

ranker) 25 attributes

Logistic 85.13% 0.66835 0.8479

0.9371

SVM 85.46% 0.67288 0.8503 0.8336

0.9461Wrapper Method 

(Cfssubseteval+Best 

First) 11 attributes

Devices Feature Selection Best Classifier

Reliability

Accuracy
Kappa 

Statistic
F-measure ROC Area

84.13% 0.64528 0.837 0.8225

All Devices

IBK 1NN

Device 2 ( THIGH )

AdaBoostM1 85.65% 0.71419 0.8664

Random Forest 10 trees 85.81% 0.68851 0.8559

Device 1 ( CHEST)

AdaBoostM1 80.31% 0.5513 0.7877 0.8664

Filter Method 

(infoGainAttributeeval + 

ranker) 25 attributes

Random Forest 10 trees 80.23% 0.55581 0.7915 0.8695

Table 14: Best Classifier for Free/Bound LOOCV 

resalgorithm ranking 
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SECTION 6: DISCUSSIONS 
 

This section focuses on whether the problems we set out to determine in this study were 

solved or not. Some alternative solutions for solving these problems are included in this 

section as well. 

According to the results presented, the activities that a user performs during a day can 

be accurately determined within the Laban Effort categories using Random Forest 10 

trees with a good accuracy and small execution time. 

 

6.1 THEORETICAL PROBLEMS 

 

The first two problems were to define the correct meaning of Effort framework in the 

health LMA scope and the activities to perform. For these problems, related works have 

been taken into consideration, especially [25, 1, 2, 4, 6, 7, 15, 21]. From the results’ 

point of view, after processing all the data and contemplating the activities selected for 

data collection, the conclusion is that these problems have been covered satisfactorily. 

 

Digging a little more in the activities’ scope, other kind of activities have been 

considered for the test and also discarded because of their complexity. The first 

approach to Strong activities was trying to get the subjects to become physically 

exhausted before performing the activities. It was discarded because of the time it took 

to get the subjects to tire, which also depends on the type of individual. Taking into 

consideration the pure definition of what a Strong movement is, any activity that 

requires an effort by the subject could fit into this category so the problem was solved 

by performing the same activities used in Sustained but making the activities effortful 

for the subject.   

 

6.2 TECHNICAL PROBLEMS 

 

The election of the correct technology has been solved at the beginning of the research. 

It was necessary to make a previous research before starting the study comparing 

different technologies. As was mentioned in section 3.2, several devices have been 

taken into consideration for the project, but the first two elections presented some 

issues. The first election, Sun SPOT, was a device based on a Java platform which had 

very good specifications for the research. The problem with this device was that there 

no longer was an active community support and there were software incompatibilities 

with new operating systems. The device’s support was stopped on 2007. Therefore, the 

Sun SPOT was discarded avoiding future problems during the project. The next 

approach was a smartphone using an Android 4.1 OS. This device was also discarded 

due to the behaviour of the operating system. This OS collects the data from the 

accelerometer embedded in the smartphone if the acceleration varies, so an accurate 

frequency cannot be set up. 
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All these problems with the external devices have been solved seeking the encountered 

problems in some on-line communities [36] 

Finally, a modern device made for researching was selected. This device (Shimmer) had 

external technical support and a lot of frequencies and acceleration ranges choices. This 

solution also presented some operational problems such as the application provided for 

the company. It was a beta application that did not work properly with some settings. 

However, good solutions were provided by the technical support team. 

 

The location of the Shimmer devices was also correctly solved. The locations have been 

taken from previous research, where good results were obtained in the field of activity 

recognition. In this study, good results were achieved for these locations too. Despite 

the good results attained, there were some issues when the devices were placed on the 

subjects’ body, especially with the thigh device. Performing some activities such as 

running or stairs up and stairs down, this device moved a little from the original position 

and it needed to be readjusted. Using other straps to attach it to each person was enough 

to solve the problem. 

  

The configuration of the devices has been chosen according to previous research. 

Fortunately, most previous works in the activity recognition field had good results with 

different accelerometer configurations. At this point, the election has been selected 

following the configuration presented in [7], increasing the acceleration range. 

Decreasing the range was a possibility for the research as well but, after several tests, 

the results reflected that most of the data values where almost saturated, so it was raised. 

 

The last problem was how to interconnect different devices that use different 

technologies. The problem was solved satisfactorily performing an in-between system 

as has been shown in section 4. Some problems appeared at the time of converting the 

data into the new format. Due to the amount of data processed a lot of time was required 

to convert all the data. Another problem was integrating the two subsystems. However, 

any issues that arose were properly handled. 

 

6.3 ETHICAL CONSIDERATIONS 

 

Collecting acceleration data from a person throughout a day could clearly be a security 

risk for the user. However, this section of the Social Wellbeing project has not been 

implemented yet and therefore, the possible ethical implications cannot be accurately 

considered. Nevertheless, if this study were to be implemented by storing the data 

locally or in a personal cloud and then, deleted when it was no longer necessary, there 

should not be any privacy risks involved.  
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SECTION 7: CONCLUSIONS 
 

The results obtained from leave-one-subject-out cross validation have been considered 

to be the best results, given they reflect the most realistic accuracy for the classifiers. 

Several conclusions have been drawn out of the results obtained. 

From the results in Section 5, we have concluded which is the device location and 

classifier that best identifies each type of movement. This conclusion approaches the 

problem of identifying each type of movement separately. This provides a different best 

device location and algorithm for each type of movement. As shown in the table below, 

in order to identify whether a movement is Free or Bound, the best accuracy is obtained 

for the device on the wrist, whereas the best location to identify a Sudden/Sustained 

movement is the chest. In the case of identifying a Strong/Light movement, the best 

results are achieved by using all three devices at once. 

 

 

 

 

 

 

This conclusion is interesting from a theoretical perspective. However, it is impractical 

for implementation purposes; therefore an implementable conclusion should be attained.  

Instead of addressing the problem of classification of each type of movement separately, 

it has been decided to calculate the mean accuracy achieved in identifying the three 

types of movements simultaneously, for a particular location using the best classifier for 

that location and type of movement. For instance, the 86.280% value in Table 16 has 

been obtained by adding the following three values: Table 12(Sudden/Sustained) 

Random Forest 10 trees 86.16%, Table 13(Strong/Light) Random Forest 10 trees 

87.03% and Table 14(Free/Bound) AdaBoostM1 85.65%. The result of this sum is 

divided by three to obtain the mean accuracy. 

 

 

 

 

 

Location Algorithm Location Algorithm Location Algorithm

D3 Logistic D1 Random Forest All devices Random Forest

Type of movement

Free and Bound Sudden  and Sustained Strong and Light

Table 15: Best device location and algorithm per type of movement 

resalgorithm ranking 

1

2

Mean Accuracy of the best algorithms for each 

location for all types of movements

Ranking of 

algorithms

84.866%

84.956% 81.147% 76.023% 83.605%

86.280% 81.891% 77.325%

All devices Device 1 Device 2 Device 3

Table 16: Mean accuracy in each device location for all types of movements 

resalgorithm ranking 
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As represented in the table above the best mean accuracy in identifying 

Sudden/Sustained, Strong/Light and Free/Bound movements simultaneously is gained 

by using all three devices at the same time, with a mean accuracy of 86.28%. However, 

this mean accuracy is not much better than the one obtained by just using the wrist 

device 84.866%. It is much more pragmatic to use a single device versus three, when 

the difference is so small. 

The mean accuracy of 84.866% is calculated from the best classifier for the wrist device 

in each type of movement: 

 Sudden/Sustained, wrist device: Random Forest 10 trees (84.35%) 

 Strong/Light, wrist device: Random Forest 10 trees (83.05%) 

 Free/Bound, wrist device: Logistic Regression (87.20%) 

Therefore, this configuration uses a single device on the wrist but two different 

classifiers. If we are searching for the single best classifier to use on this configuration, 

Logistic Regression in Free/Bound classification would be substituted for Random 

Forest (86.20%). As it can be seen in the table below, the mean accuracy drops only 

slightly.   

 

 

 

 

 

 

The mean accuracy obtained to predict how well the classifiers will identify each type 

of movement using a single device and algorithm is quite good. However, this predicted 

accuracy is solely theoretical and it has not been implemented and tested on a real world 

situation. Therefore, this predicted accuracy might be slightly higher than it would be 

when subjected to an uncontrolled situation.  

The features selected for the WRIST device are the following: 

 

 

 

 

 

Device 3 WRIST

Best algorithm for all 

types of movement

Random Forest

Mean accuracy for all 

types of movement

84.532%

Mean Accuracy of the best algorithm for the best location for all types of 

movements

Best location for all 

types of movements

Table 17: Mean accuracy for the WRIST device using Random 

Forest 

TimeStamp MEANaccX MEANaccZ RMSaccY MEANLENGTH

SPECTRALENERGYaccX SPECTRALENERGYaccY SPECTRALENERGYaccZ 1FFTaccX 1FFTaccY

1FFTaccZ 2FFTaccX 2FFTaccY 2FFTaccZ 3FFTaccX

3FFTaccY 3FFTaccZ 4FFTaccX 4FFTaccY 4FFTaccZ

5FFTaccX 5FFTaccY 5FFTaccZ AVG_MEAN AVG_ENERGY

The 25 Attributes selected to identify Sudden/Sustained using the WRIST  device 

Table 18: Features used to identify Sudden/Sustained on WRIST device 
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We can conclude that by using the WRIST device with Random Forest 10 trees on the 

dominant arm of the body, the different categories within the Laban framework can be 

accurately identified. By visualizing these results within the Social Wellbeing 

application, the user can correlate stress to certain events and therefore, avoid similar 

situations in the future. 

 

 

 

 

 

 

 

 

 

 

 

MEANaccY MEANaccZ SPECTRALENERGYaccX SPECTRALENERGYaccY SPECTRALENERGYaccZ

1FFTaccX 1FFTaccY 1FFTaccZ 2FFTaccX 2FFTaccY

2FFTaccZ 3FFTaccX 3FFTaccY 3FFTaccZ 4FFTaccX

4FFTaccY 4FFTaccZ 5FFTaccX 5FFTaccY 5FFTaccZ

AVG_ENERGY

The 21 Attributes selected to identify Strong/Light using the WRIST  device 

Table 19: Features used to identify Strong/Light on WRIST device 

MEANaccY  MEANaccZ RMSaccY MEANLENGTH RMSLENGTH

SPECTRALENERGYaccX SPECTRALENERGYaccY SPECTRALENERGYaccZ 1FFTaccX 1FFTaccY

1FFTaccZ 2FFTaccX 2FFTaccY 2FFTaccZ 3FFTaccX

3FFTaccY 3FFTaccZ 4FFTaccX 4FFTaccY 4FFTaccZ

5FFTaccX 5FFTaccY 5FFTaccZ AVG_RMS AVG_ENERGY

The 25 Attributes selected to identify Free/Bound using the WRIST  device 

Table 20: Features used to identify Free/Bound on WRIST device 
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SECTION 8: FUTURE WORKS 
 

Future research could be based on this study.  

In order to complete the whole Laban Effort framework, the Space category should also 

be classified. For this purpose, some new devices could be introduced to the project, 

such as GPS. As it has been done for the other Laban Effort categories, a definition of 

what is considered Direct and Indirect within the scope of health should be established. 

Other future works could focus on adding more devices to the project to increase the 

accuracy results. For instance, including an ECG to the system. It would be useful for 

better determining when a movement is Strong or Light by registering the heart rate, 

which could provide relevant data. Another device that could improve the system is the 

smartphone. In this project, the smartphone has only been used for collecting data, but it 

could be useful when determining whether a movement is Free or Bound. This would 

be possible by creating an application which measures the Bluetooth signal intensity 

between the accelerometers and the smartphone. The main idea is to carry the 

smartphone in a pocket, close to the body, and an accelerometer on the wrist. With this 

particular configuration the signal between both devices would differ depending on 

whether the wrist is close to the body or not. 

The most relevant attributes for accurately classifying the different types of movements 

have been the FFT components (along with spectral energy and mean), because of this, 

it might be a good idea as future work to try out the DCT and wavelet transform for 

feature extraction. 

Nine algorithms have been compared for the purpose of recognizing each category. 

Some other papers have used different methods and algorithms such as threshold 

methods and stacking algorithms. Future works could cover the field of detecting Laban 

Effort movements with these features.  

Finally, the most interesting future work would be to test out the classifiers in a real 

world setting and implementing the system within the Social Wellbeing Project.  
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APPENDIX 1: 
 

This appendix contains the results processed as first approach mentioned in Section 3. 

These tables shows an overoptimistic result so, this was the main reason to re-evaluate 

the methodology employed. This information represents a 10% of the data processed in 

the final analysis of the data. It was useful in order to have an overview of the results. 

 

STRONG AND LIGHT SEPARATE TEST SET RESULTS: 

 

 

 

  

Device 2 & Device 3 ( 

THIGH & WRIST )

All Attributes

Random Forest 10 trees 93.33 % 0.8465 0.935 0.992

Logistic 88.37 % 0.672 0.873 0.973

Filter Method 

(infoGainattributeeval + 

ranker)

Random Forest 10 trees  93.59 % 0.8397 0.936 0.979

Logistic 94.91 % 0.8673 0.948 0.992

Device 1 & Device 3 ( 

CHEST & WRIST )

Filter Method 

(infoGainattributeeval + 

ranker)

Logistic 93.57 % 0.8477 0.937 0.976

Random Forest 10 trees 76.40 % 0.4907 0.775 0.873

Device 1 & Device 2 ( 

CHEST & THIGH )

Filter Method 

(infoGainattributeeval + 

ranker)

Logistic 92.09% 0.7959 0.919 0.991

Random Forest 10 trees 92.49 % 0.8144 0.925 0.976

Device 3( WRIST )

All Attributes Logistic 86.55 % 0.6119 0.85 0.946

Wrapper Method 

(Cfssubseteval+Best 
Logistic 70.44 % 0.4134 0.719  0.859

Filter Method 

(infoGainattributeeval + 

ranker)

Logistic 89.79 % 0.717 0.89 0.948

Bagging 81.78 % 0.5227 0.812 0.763

83.73 % 0.6258 0.842 0.851

Filter Method 

(infoGainattributeeval + 

ranker)

Logistic 94.85 % 0.8731 0.949 0.971

Naïve Bayes 93.51 % 0.8504 0.937 0.934

0.982

94.21 % 0.8562 0.942 0.992

0.818 0.984

Naïve BayesFilter Method 

(infoGainattributeeval + 

ranker)

94.25 % 0.8592 0.943 0.981

Logistic 91.07 % 0.7563 0.905 0.97

Devices Feature Selection Best Classifier

Reliability

Accuracy
Kappa 

Statistic
F-measure ROC Area

All Devices

All Attributes

Logistic 92.49 % 0.8091 0.924 0.984

J48 93.37 % 0.8314 0.933 0.903

Wrapper Method 

(Cfssubseteval+Best 
Naïve Bayes 80.80 % 0.6031

Device 2 ( THIGH )

All Attributes IBK M1

Naïve Bayes
Wrapper Method 

(Cfssubseteval+Best 

Filter Method 

(infoGainattributeeval + 
IBK M1

Device 1 ( CHEST)

All Attributes Logistic

0.88787.69 % 0.718 0.881

88.19 % 0.6661 0.871
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All Devices

All Attributes

J48 93.37  % 0.8331 0.9321

Wrapper Method 

(Cfssubseteval+Best 

First)

Filter Method 

(infoGainattributeeval + 

ranker)

Logistic 86.84 % 0.6682 0.865

Devices Feature Selection Best Classifier

Reliability

Accuracy
Kappa 

Statistic
F-measure ROC Area

All Attributes

Logistic 94.79 % 0.865 0.943 0.9901

0.9043

Logistic 92.49 % 0.8020 0.9232 0.9838

Naïve Bayes 92.92 %  0.825 0.925 0.9897

0.932 0.978

Random Forest 10 trees 87.35 % 0.6785 0.87 0.916

Logistic 93.13 % 0.8355

0.942

IBK 1NN 84.10 % 0.6234 0.842 0.845

Device 2 ( THIGH ) All Attributes Logistic regresion 86.01 % 0.6285 0.852 0.954

Device 1 ( CHEST)

Device 1 & Device 2 ( 

CHEST & THIGH )

Filter Method 

(infoGainattributeeval + 

ranker)

Logistic

Logistic 92.99 % 0.842 0.932 0.981

J48 88.56 % 0.7204 0.885 0.856

Wrapper Method 

(Cfssubseteval+Best 
94.79 % 0.8673 0.946 1 

Logistic 94.79 % 0.8673 0.946 0.979
Device 2 & Device 3 ( 

THIGH & WRIST )

Device 1 & Device 3 ( 

CHEST & WRIST )

Wrapper Method 

(Cfssubseteval+Best 

FREE AND BOUND SEPARATE TEST SET RESULTS: 
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SUDDEN AND SUSTAINED SEPARATE TEST SET RESULTS: 

 

 

 

 

 

 

 

 

 

 

 

 

Device 2 & Device 

3 (THIGH & WRIST)

Device 3( WRIST )

Device 1 ( CHEST)

Device 2 ( THIGH )

Wrapper Method

All Attributes

All Devices

Device 1 & Device 

2 ( CHEST & THIGH )

Device 1 & Device 

3 (CHEST & WRIST)

Filter Method

Filter Method

Wrapper Method

Wrapper Method

Wrapper Method

Filter Method

All Attributes Random Forest

Devices Feature Selection Best Classifier

Reliability

Logistic

Filter Method
Random Forest (11 

attributes)

Wrapper Method J48 (11 attributes)

All Attributes IBk 1NN

J48 (5 attributes)

Bagging (5 

attributes)

J48

Random Forest (35 

attributes)

Random Forest (10 

attributes)

Filter Method
AdaBoostM1(40 

attributes)

Wrapper Method
Random Forest (3 

attributes)

J48 (25 attributes)

J48 (8 attributes)

Logistic (8 

attributes)

Logistic (7 

attributes)

All Attributes Naïve Bayes

Random Forest (7 

attributes)

0,847J48 (10 attributes)

Random Forest (10 

attributes)

Random Forest (10 

attributes)

Logistic (25 

attributes)

Naïve Bayes (10 

attributes)

0,887

0,917

0,91

0,867

0,823

0,942

0,876

0,864

0,945

0,942

0,899

0,86

0,879

0,832

0,871

0,831

0,871

0,81

0,915

0,799

0,784

0,863

0,868

ROC Area

0,995

0,86

0,96

0,935

0,883

0,907

0,837

0,867

0,839

0,913

0,858

0,838

0,783

0,814

0,87

0,819

0,5669

0,7033

0,706

F-

measure

0,926

0,867

0,877

0,911

0,88

0,839

0,6487

0,7093

0,6454

0,8104

0,8175

0,5517

0,5116

0,5909

0,7126

0,6073

0,7535

0,7957

86,88%

Kappa 

Statistic

0,8419

0,7093

0,7283

0,8087

0,7456

0,6504

0,6823

0,6469

83,96%

91,15%

91,34%

80,12%

77,92%

86,21%

87,03%

81,64%

88,05%

90,72%

83,47%

86,60%

87,79%

83,79%

86,11%

83,60%

80,44%

81,36%

Accuracy

92,46%

86,60%

87,85%

90,89%


