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Abstract 
Lifelogging is the act of digitally capturing a person’s life experiences in the form of digital 
lifestories. A digital lifestory is a view of a person’s life based on a single activity or a set 
of activities, defined by content data, such as images, and context data, such as related 
places and persons. An example of a digital lifestory is a wedding where a set of selected 
images visually represents a person’s activities at the wedding. The person can use this 
representation as a digital means for later review and reminiscence of the captured activities 
in the lifestory about the wedding. This thesis discusses how new lifelogging technologies 
and methods for activity recognition can be used to create such digital lifestories and how 
these lifestories can be utilized for digital reminiscence.  

Digital capture of lifestories requires a lifelogging system capable of capturing daily 
activities. The digital representation of the person’s life should be interpreted and organized 
as activities that provide certain insights: What activities did the person do? When did the 
activities take place? Where did the activities take place? Who was involved in the 
activities? Presenting the person’s life as activities provides a framework for reminiscing 
and helps the person select significant activities to keep as part of the digital lifestories. 

This thesis proposes a system that automatically filters captured lifelog data and organizes 
the filtered data in the form of activities identified by time, location, movement data, and 
knowledge of context. The detection of significant places is implemented based on location 
clustering techniques that utilize the density of the collected location data. The periods 
when the user lingers at the same place of significance are then used to identify activities. 
The thesis shows that the activity recognition required can be improved by using 
knowledge of prior contexts and by automatic detection of significant places. The thesis 
also shows that everyday activities can be recognized using a single accelerometer; for this, 
the wrist is the best place for the accelerometer to detect daily activities and analyze body 
movements. 

Two important aspects of the lifelogging system design are to avoid encumbering or 
stigmatizing a person with too many devices and to minimize required user interaction. The 
proposed lifelogging system is therefore automated, and the pervasively captured data is 
filtered from noisy data, segmented into representative activities, annotated with captured 
images, and organized as digital lifestories. A key finding is that one accelerometer plus 
one device for capturing location and images are sufficient to capture digital lifestories, 
hence supporting a person in reminiscing past activities by using the proposed system. 

The work has been evaluated through proof-of-concept prototype systems, which 
demonstrate the potential of reminiscence tools based on a capture and review of digital 
lifestories. This work has the potential to make digital reminiscence systems more 
affordable, acceptable, and easy to use, which would have a positive impact on utilization. 
This can be particularly important for persons with special needs, such as persons with mild 
dementia, who generally cannot cope with overly complex interaction. They can use these 
digital reminiscence systems for recollecting and reflecting on past life experiences. The 
observation is that utilizing such a digital reminiscence system improves social involvement 
and engagement for persons in both volume and quality. 
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Preface 
I am an informatics Engineer who graduated from Tishreen University, Syria in 2003. I 
came to Sweden in 2006 to pursue my post-graduate studies. This move to Sweden was the 
greatest change for me as it changed my thoughts and directions in life. I did a Master 
degree in information systems science in Luleå University of Technology and then I got the 
opportunity to work in the European research project COGKNOW1. The aim of the project 
was to provide a complete assistive system for persons with mild dementia to help them in 
increasing independency, while relieving their carers from always having to be around to 
support them. Even though my involvement in the COGKNOW project was short, it was 
enough for me to find the academic world interesting for my future carrier. 

In June 2008, I was involved in the regional research project MemoryLane2. The goal of the 
project was to create and validate with users a tool for capturing the life of persons with 
mild dementia and make it available for later context-dependent retrieval. I was analyzing 
and demonstrating possible technologies for capturing the day of a person using recorded 
context, images, video and audio, and to later organize and use this data for daily 
assistance. The more I worked within the research community, the more I found myself 
integrated in it. This all led me to start my PhD studies on December 2008 within the same 
project. After finishing my licentiate in March 2011, I was involved in the Dem@care 
project3. Dem@care is an EU project funded from the European Community's Seventh 
Framework Programme. Dem@Care aspires to contribute to the timely diagnosis, 
assessment, maintenance and promotion of self-independence of persons with dementia, by 
deepening the understanding of how the disease affects their everyday life and behavior. 

The work conducted in this doctoral thesis has been done in the MemoryLane and 
Dem@care projects. The projects were conducted in collaboration with healthcare 
professionals in Europe, which gave me the opportunity to work closely with professionals 
from the healthcare domain. This was a great experience and a new source to improve my 
knowledge.  

As a result of the MemoryLane project, a prototype has been created as a digital 
reminiscence system that supports the memory of persons with mild dementia and improves 
their social contacts and the quality of their life. Developing a prototype has been a success 
factor, even if the research performed has at times bordered on development. The system 
has been deployed to 10 users suffering from mild dementia, together with their carers, who 
use it on a daily basis to log and record their life.  

The work in the Dem@care project also yielded a prototype system that can be used to 
study the behavior of a person with dementia. The system observes the user and creates an 
estimation of the current situation of the user, to possibility detects problems in their daily 
behavior. The system is now installed in 3 different locations in Europe: in a Lab in France, 
in a Nursing Home in Sweden, and in a Home in Ireland. The goal is to collect data and 

                                                           
1 Cogknow project. http://www.cogknow.eu 
2 MemoryLane project. http://www.memorylane.nu 
3 Dem@care project. http://www.demcare.eu/ 
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analyze behavior of users. The pilot is running at the time of writing this thesis so the 
evaluation results are not yet ready. 

After this short trip in the academic world, I realized how important and interesting it is. I 
want to continue my carrier in academia as I find myself productive in it. Let‘s see, 
however, what the future will bring…   

 

Luleå, May 2014 

Basel Kikhia 
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"One picture is worth ten thousand words" 
A Chinese proverb… 
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1.1 Introduction 
Lifelogging is the act of digitally recording aspects of a person's life. Many persons keep 
notes or diaries to memorize special events or to express their feelings at specific moments. 
Nowadays, online blogs can be seen as an evolution of the diary concept in our information 
society [1]. Those blogs provide an online platform where users can post details of what 
they did or how they like to share their lives with others. Actually, it is significant for many 
individuals to retrieve important moments and life events, such as trips, weddings, concerts, 
etc. Reminiscing about previous events by a group of persons not only helps in 
remembering those events, but it also creates tighter social bonds and improves 
relationships [2]. Lifelogging, or recording personal life experience, is becoming a social 
trend and a phenomenon that is of interest to persons. In fact, most of our daily life is 
logged and monitored by technology. For instance, online transactions are logged by 
service providers to track what persons buy online, and phone calls are logged by phone 
operators that calculate monthly bills. Lifelogging as a concept is thus becoming more and 
more accepted, as it facilitates our lifestyles in the increasingly digitized scocieties. 

Lifelogging can lead to the creation of a digital lifestory, which is seen as a digital view of a 
person's life. This view can be described as blocks that organize and represent the person's 
daily activities based on content data, such as images, and context data, such as places and 
persons. A digital lifestory can provide a digital overview of life that helps the person 
reminisce about life experiences. For instance, a person can search his or lifestory and get 
answers to questions such as: 

• What did I do last Christmas? 

• When was the last time I went to the gym? 

• Where did I go last weekend? 

• Who did I meet last Friday? 

Reminiscence and aiding memory is one of the main benefits of having a digital lifestory. 
Many persons rely on digital calendars to organize their daily lives. Reminiscence can be of 
benefit to any person who wants to review and retrieve life experiences or share specific 
moments with friends and family. Aiding memory becomes even more significant when it 
is used to help persons with memory impairments, such as dementia [3]. A digital lifestory 
can be used as an external memory aid that supports a person with mild dementia to cope 
with memory problems. This technology can be seen as an assistive one that supports 
actualization and maintenance of episodic memories and provides context-specific direct 
access to the life experience. Hodges et al. stated that reviewing images and written diaries 
are obvious methods for stimulating the memory of past activities [4].  

The research of this doctoral thesis has resulted in the design and the development of this 
stimulation through a digital system for reminiscing. The research discusses challenges that 
connect to the utilization of lifelogging technologies in order to build the target system. The 
aim of the system is to help persons support and maintain their lifestory. Figure 1.1 
illustrates the use of lifelogging to generate digital lifestories and then utilizes these digital 
lifestories for reminiscing. The figure shows the data flow in digital reminiscence systems 
to support the user.  
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Figure 1.1. Using lifelogging to generate digital lifestories that support reminiscence: the data flow 
in a digital reminiscence system.  

The key issue for developing a digital system for reminiscing is to log daily life using 
sensors, and then analyze the sensor data to identify context and content logs. Context and 
content logs can then be aggregated to reason about the user's activities. The activity 
recognition task plays a vital role in this system. The more automated the system is, the less 
intervention is needed by the user and the more efficient interaction is between the user and 
the system. To improve the activity recognition task, which leads to more automation, the 
thesis proposes using prior knowledge of context as the data source for defining activities. 
The thesis also presents an approach that uses geographical areas where the user spends 
significant time as an indication of new places and activities. The presented approach relies 
solely on time-stamped location data in defining periods of time that might be of interest to 
the user for potential activities. This is good because location and time are easily accessible 
sources of context information. 



 

 

Thesis Introduction 

5 

Another issue that is important when developing a digital system for reminiscing is to 
reduce the number of the wearable sensors, so there will be less burden of carrying multiple 
sensors by the user. In addition, the power consumption of the sensors should be minimized 
so that the user can log the daily life continuously with a minimum charge. Accelerometers 
are well-suited sensors for this purpose, since they are small, lightweight, and have low 
power consumption [5]. Acceleration data provides a source of context data for monitoring 
human movements and activities. The thesis discusses the possibility of using a single 
accelerometer in order to detect a set of everyday activities and analyze the body 
movements of the user. The focus of the research is to find the best placement on the body 
in order to collect accelerometer data that can improve the system's reasoning of the user's 
daily activities.    

The overall research goal of this doctoral thesis is to provide design solutions and develop 
digital reminiscence systems that build a digital lifestory for a person. This digital story 
presents a life in the form of activities that facilitate the reviewing of context and content as 
a reminiscence process to ensure suitable quality for later context-dependent retrieval. The 
system connects past with present and future, and it can be used for memory support or just 
as a digital personal archive of the life. 

1.2 Motivation of Thesis 
An area that can greatly benefit from the utilization of lifelogging systems is healthcare, 
specifically providing support for persons with mild dementia. Dementia can significantly 
reduce the possibility of living independently, since persons with dementia have difficulty 
remembering daily activities, names, faces, etc. This creates a social burden when 
communicating with others, so they often rely on outside memory aids to help them 
compensate for their memory deficits [6]. Furthermore, some persons with dementia rely 
heavily on their carers for support for their cognitive needs, which might also result 
depression in the carers [7]. 

Recent studies have shown that retrospective memory aids can help persons with mild 
dementia to rehabilitate their memories [4]. Significant support can therefore be provided 
for those persons with a system that creates digital life narratives and provides a media-
enriched visualization of their life, as a retrospective memory aid. Cheng et al. [8] also 
stated that mental and physical activities mitigate and delay cognitive decline in persons 
with mild dementia. Another study in [9] indicated that participating in social activities 
helps preserve cognitive functions, which has a positive effect on cognitive decline for 
individuals. The challenge is to use ICT tools in order to reduced isolation and depression 
for persons while increasing their social activities and independence. The main research 
challenge in this thesis can be defined as follows: 

To design ICT-based interventions that have positive effects on both cognitive decline 
and rehabilitation of memories, such that the perceived quality of life for persons with 
cognitive impairments is increased. 

The assumption in this thesis is that providing ICT tools for aiding memory functions might 
help persons with memory impairment in rehabilitating their memories and decrease 
cognitive decline. This assumption is illustrated in figure 1.2. 



 

 

Thesis Introduction 

6 

 
Figure 1.2. Cognitive decline for persons with memory impairment 

The research presented in this thesis approaches a digital reminiscence system that can be 
used by persons with mild dementia. The aim of the system is to empower the users and 
improve the quality of their life. The system provides a digital view of the day where the 
person with mild dementia can sit with a carer and discuss his day. This is known as 
reminiscence therapy where the person with mild dementia is able to reflect upon his 
personal life experiences. Figure 1.3 below, as taken from an article in NSD4, illustrates the 
reminiscence thereby where the person with mild dementia is sitting with a carer in front of 
a touch screen computer, which has the digital reminiscence system installed on it. 

 
Figure 1.3. A Reminiscence Therapy session (Courtesy of NSD. Photo by: Bengt-Åke Persson) 
                                                           
4 ”Jag känner mig piggare”, NSD, Dec 1, 2011. 
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Another motivation for the work presented in this thesis is driven by the enormous move 
towards social networks. No one can deny the massive amount of personal data that is 
shared among persons via the Internet on a daily basis. Having lifelogging systems will 
help any individual to log life continuously, which might capture special moments of the 
day. Thus, users can have a digital view of the life and easily choose what to share and with 
whom, or they can keep their digital lifestories for their own use, as a means for retrieving 
past life experiences. Figure 1.4 below presents an overview of what kind of life 
experiences the user can recall when interacting with the digital reminiscence system 
through a touch screen computer. 

 
Figure 1.4. Recalling life experiences through a digital reminiscence system 

Sections 1.2.1 and 1.2.2 present two scenarios that illustrate the envisioned utilization of 
results provided in this doctoral thesis. 

1.2.1 The Reminiscence Therapy 
This scenario shows how the digital reminiscence system can provide a visual overview of 
a person's life, and it shows how such a system can be a tool for reminiscence therapy. 

Maria is 68 years old and lives in a house with her husband. Their lives have changed 
significantly over the last year because Maria has developed a mild form of dementia that 
affects her episodic memory capabilities. She can no longer remember everything about her 
day, such as places she visited or persons she met. The couple has therefore been 
introduced to a digital reminiscence system, which they now use on a daily basis to record 
and review her experiences. Maria now wears a wristband and a necklace that record 
information about her day without being too cumbersome. 
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Today, there is a sale in a nearby shopping center, and Maria has decided to buy a present 
for her husband. She checks that she wears her wristband and necklace, and that she has 
brought her mobile phone with her. At the shopping center, Maria visits a bookstore and 
finds the present that she was looking for—a new set of sketching pencils. She bumps into a 
friend when leaving the bookstore, and they decide to have lunch together. Maria then 
leaves the shopping center and decides to ride the bus home because it is starting to rain. A 
car passes the bus stop and splashes water on her trousers, which she then has to clean 
when she gets home. 

In the evening, Maria and her husband sit down at their computer. They connect the mobile 
phone, the wristband, and the necklace to the computer and open the digital reminiscence 
system on the computer. The application presents them with a number of activities with 
associated images, such as the visit to the bookstore, the lunch with her friend, and the 
laundry room where she was cleaning her trousers. Together, they select the images that 
best represent her activities during the day, while discussing and reminiscing about those 
activities. 

The digital reminiscence system collects time-stamped location data from the mobile 
phone, accelerometer data from the wristband, and image data from the camera in the 
necklace. The data is uploaded to, and filtered/analyzed by, the home station, which is the 
computer that runs the digital reminiscence system. The location and accelerometer data are 
used to identify activities, which are then associated with representative images. The 
reminiscence therapy helps Maria to build lasting episodic memories of her daily activities, 
which help her to cope with her mild dementia and improve her social life. 

When Maria and her husband sit down to review the day, he tells her that her doctor sent 
her a notice about an appointment next Tuesday. Maria and her husband add a new future 
activity using the reminiscence therapy application, which shows them the named images of 
all the known places to choose the right place and the images of all known persons to 
choose the right person. Maria and her husband first select the doctor's office and then her 
doctor. Then they write their description of the activity. Maria can later retrieve this 
information when planning activities for that day. 

The digital reminiscence system can be used to plan and prepare future activities using a 
calendar with information about places and persons and past activities. The planned 
activities, such as this doctor's appointment, can also be associated with reminders. 

Later at night, Maria gets a phone call from her daughter who tells her that some of her 
friends with whom she had dinner last Saturday want to visit her again tomorrow. Maria 
cannot recall that dinner, so she uses the digital reminiscence system to see the list of 
activities that happened last Saturday. "Having dinner with friends" is in that list, so she 
clicks on that activity to review it. The system shows Maria the place of the dinner, the 
persons involved, the text added by herself and her husband about the dinner, and some 
images from the dinner. Maria then reviews her latest activities with each of her friends, so 
she can discuss those activities with them. 

This shows how the digital reminiscence system can help Maria to remember past activities 
and recall information about each of her friends. 
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1.2.2 Lifelogging 
This scenario illustrates how a digital reminiscence system can be used as a lifelogging tool 
that helps persons to share their life experiences with family, friends, and colleagues. 

Johan and Linda are a couple in their 30s. They work as sales representatives for a large 
international company. Their work has given them the chance to travel worldwide, which 
suits them very well, as they love to discover new places together. This, however, has led to 
problems maintaining their circle of friends and staying connected to their family, so they 
have started to use a lifelogging tool that helps them to share experiences from their travels 
in an easy way. 

This time Johan and Linda are traveling to Athens in Greece for a sales conference. They 
have decided to spend three days in Athens prior to the conference to experience the old 
parts of the city. Johan has brought a small wearable device that takes images 
automatically, which he wears around his neck. Linda prefers to use the camera in her 
smartphone. Johan and Linda spend the days enjoying the museums and temples and the 
vibrant nightlife in Athens. 

On the evening before the sales conference, Linda brings up her laptop with their 
lifelogging tool to create a new lifestory about their Athens visit. Johan synchronizes the 
images from his neck-worn camera with the tool and Linda adds additional images from 
her smartphone. The tool presents them with a map that is annotated with the places they 
have visited, so they can review selected images from each place together.  

"Oh look at this, how beautiful this temple was! We have plenty of nice images! I am sure 
your dad would love to come here." Linda says. They edit the selection of images and label 
the images with their own comments, and then they store it as a lifestory in the tool.  

"My neck-worn camera really caught some cool images! Our friends will have a big laugh 
at when you turned over that table at the café! And the moves at the club…" Johan smirks. 
Johan and Linda agree that the visit is well worth sharing with their family and friends at 
home as well as with their colleagues visiting the sales conference. They will have a lot to 
talk about when they meet next time! 

This scenario illustrates how a lifelogging tool can be used to increase connectedness by 
sharing information with family, friends, and colleagues. It also shows that the digital 
reminiscence system can be used to collect data automatically, such as from the neck-worn 
camera, and additional information can be added, such as from the regular camera. Note 
that the location data is collected using their mobile phones and that it is used to 
automatically detect places and related activities based on location density and time 
parameters. The lifestory in the scenario would thus consist of the set of activities in 
Athens, which are associated with images, places, and persons. A social network can then 
be used to share the lifestory of the visit. 

1.3 Thesis Organization 
This doctoral thesis consists of 8 parts. This introduction belongs to the first part. Part 2 
presents an overview of the thesis. It starts with a background of the study and then it 
presents the related work that has been done in the research area of this doctoral thesis. 
Following this are the research questions and a discussion of the research methodology 
used to address them. The last chapter in part 2 presents a brief introduction to the articles 
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included in this thesis. Parts 3 to 7 present articles that have been published at the time of 
writing. The thesis is then concluded in Part 8, which contains a discussion, conclusions 
and future work. 
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2.1 Background 
This section presents background information relevant to the research presented in this 
doctoral thesis. The lifelogging technology and how it can support digital lifestory and 
reminiscence concepts are presented and explained. This section also discusses the context 
and content data needed to build a digital reminiscence system. The importance of the 
activity recognition task in creating digital lifestories is also explained and discussed. The 
section then presents related work. Finally, the research questions, the delimitations, the 
research methodology, and the list of the included articles in this thesis are presented. 

2.1.1 Lifestory and Reminiscence 
A lifestory is a story connected to the personal life experiences of the person; in it, the 
person can reflect and share with other persons. Tulving suggested that our memories are 
stored as episodes that are similar to a story [10]. For instance, many persons might 
consider attending a wedding to be a special episode in their lives, and this event would be 
highlighted as an important one in their lifestories. Others might look at lifestories as a 
sequence of regular events that happen in their daily lives.  

Lifestories allow persons to share their experiences with others; they also offer an 
opportunity for reminiscence and reflection [11]. Reminiscence is a general recall of past 
activities. It was introduced as "the act or process of recalling the past" [12] and "the 
remembered past" [13]. Reminiscence helps in reassessing life and achievements, which 
results in encouraging sociability and decreasing isolation for persons. Triggers for 
reminiscing and sharing lifestories vary in content, but they are, in general, things that spark 
memories, such as objects, music, notes, and images [14].  

The memory of personal life experiences is referred to as episodic memory. It is a 
collection of past experiences that happened in the person's life at a particular time. For 
instance, recalling a conversation on the phone with a friend that happened three days ago, 
or remembering a meeting from three weeks ago. Hodges et al. argued that episodic 
memory is a short-term memory that might only last for hours [4]. Semantic memory refers 
to the knowledge we gain and the facts that we know about our lives [15], e.g., knowing 
that an object is a car. While episodic memory refers to episodes in life and semantic 
memory refers to facts, the collection of episodes and semantic knowledge is referred to as 
autobiographical memory, e.g., connecting different episodes from a party to recall the 
whole party as an event in life [15]. 

Autobiographical memory affects us and defines who we are [16]. When autobiographical 
memory is impaired, it is difficult to maintain social contacts and to plan future activities, 
as they are based on past experiences [4]. One interesting fact about autobiographical 
memory is that cued recall—recall based on materials, such as images—allows memories to 
be retrieved that cannot be accessed from scratch [17]. Recalling what a person did 20 days 
ago will be possible if the person has cues, such as photographs and notes, taken on that 
day, assuming that this day is an ordinary one. However, the appropriate materials for cued 
recall should be provided in an organized manner so that the user can retrieve and reflect 
upon their life experiences. There are different forms and methods to provide triggers for 
reminiscing and sharing life experiences.  

A common method of reminiscences is reminiscence therapy [18]. This therapy involves 
the discussion of past activities and events with other persons, usually with the aid of 
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tangible prompts, such as photographs or daily life items. It is one of the most popular 
psychosocial interventions in dementia care and is highly rated by staff and participants 
[18]. Reminiscence therapy also helps decrease depression symptoms and facilitates social 
involvement for persons [19]. In general, reminiscence is helpful for any individual who is 
interested in recalling life experiences, as it is an opportunity to review and share them with 
other persons. Some studies show that reminiscence has a positive effect on the quality of 
life [20]. Persons who rely on reminiscence feel appreciated for being in focus and valued 
as a person [18]. There is also clinical evidence that engaging in cognitively stimulating 
activities can slow the progression of cognitive decline [21]. There are no restrictions on 
where reminiscence can take place; it can be at home, at the clinic, at family gatherings, or 
in any other situation. It is a positive activity for both the speaker and the listeners.  

Reminiscing and sharing personal moments became a trend recently with the evolution of 
blogs and social networks. For instance, many persons use social networks to share images, 
songs, and personal stories on a daily basis. Sharing lifelog information is also known as 
life caching, which is the social act of logging and then sharing personal life experiences in 
a public format [22]. This sharing creates tighter social bonds, and it improves relationships 
among persons [2]. 

2.1.2 Lifelogging 
In 1945, Vannevar Bush suggested Memex vision as "a device in which an individual stores 
all his books, records, and communications, and which is mechanized so that it may be 
consulted with exceeding speed and flexibility" [23]. This vision led to the idea of 
developing personal tools to be lifetime stories. Capturing and recording personal life 
experience is, in fact, the capturing of our memories. This notion of digitally capturing our 
memories is known as lifelogging [24]. Lifelogging is the act of using technology to build a 
comprehensive archive of all aspects of a person's life, or some aspects of it, in a digital 
format. Digital personal archives bring floods of feelings and emotions for persons, and it 
gives an opportunity to retrieve activities in an immersive way [25]. Lifelogging can be an 
application that runs on a mobile phone or a complete system that logs all activities in the 
person life and then presents them in a calendar format [2].  

In fact, many aspects in our information society are logged and monitored by technology, 
e.g., surveillance cameras in stores and banks. However, creating a digital personal archive, 
or a digital lifestory, of the life differs because it requires continues and passive capturing 
of all personal aspects of the person's life. This means that there will be more complications 
and challenges when using lifelogging as a means to create a digital lifestory. At the same 
time, having a digital lifestory is interesting and even important to many individuals, since 
it might benefit a person's life. Persons are generally interested in logging and recording 
their daily lives for diary applications, reminiscence processes, medical purposes, or just for 
fun [26]. 

Lifelogging technologies can be considered as a replacement for some of the traditional 
methods that are used to support persons with memory impairment. Those persons rely on 
their carers for support or on written notes to remember what they did [27]. The additional 
effort of writing down life experiences or manually taking pictures creates a new burden for 
the users in documenting their daily life. Moreover, some persons do not want to do that, as 
it might draw attention to their memory problems [28]. Even if the user wants to do it, it 
takes extra effort to organize the notes and the pictures, and there may be difficulties in 
retrieving specific moments later. Lifelogging can be a means for documenting daily life 
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automatically and passively. This documenting leads to a digital memory of the life for a 
person, such as persons whom he met, places that he visited, and activities that he did [1]. 
This memory would be searchable and retrievable through systems that can store it, 
organize it, and then present it to the user.  

A challenge associated with lifelogging and reminiscence is how to use technology to 
provide effective triggers to support reminiscence. While lifelogging research focuses on 
enabling total capture of life, psychology research suggests that there are more benefits 
when the lifelogs are more selective [29]. Capturing everything in our daily lives does not 
mean that we should review everything [22]. This means that digital reminiscence systems 
should help users preserve key activities of the past, which will lead to effective recall and 
retrieval of the life experiences. This retrieval includes visual information, text, and media-
data that can be collected continuously and passively throughout life [1]. Thus, the main 
objective is: 

Objective 1: To build a digital system that uses reminiscence therapy embodied as an ICT 
memory aid for recording past, current and future activities, which can later be recalled.  

The first step towards addressing this objective is to define the digital lifelogs that are 
needed to build this ICT memory aid. There are two logs of life: context logs and content 
logs [30]. These logs should be captured and organized in the form of a digital lifestory, 
which gives the user the means to reminisce and retrieve life experiences.  

2.1.2.1 Context logs 
Context logs are concerned with the acquisition of context. Context is any information that 
can be used to characterize the situation of an entity (person, place, object, etc.) [31]. 
Context logs are helpful in forming the setting for an activity and clarifying the meaning of 
it. For instance, an activity can be "you were in the shopping center with Johan from 13:00 
to 14:00." This example clarifies an activity based on a place (shopping center), a person 
(Johan), and time (13:00 to 14:00). Furthermore, the activity itself is also considered to be a 
context log that resulted from a combination of other context data. It is important to note 
that context logs are not unified and might differ between different applications and 
systems. For example, a country, as a place, might be a valid context in one system, while it 
might not be a valuable context in another one. Some systems might require the definition 
of a place as a smaller unit such as the office, the person's house, or even smaller, such as 
the kitchen inside the person's house. It is therefore important to define the context logs in 
advance based on the nature of the targeted digital reminiscence system. 

Context logs play an important role in lifelogging systems when the aim is to create a 
digital reminiscence system. It is easier to remember the context of the life experiences than 
remember the details of the experience itself [30]. The life of the person can therefore be 
organized based on high-level contexts, such as activities, persons, places, and time, to 
provide keywords when retrieving the experiences. This high-level context can be extracted 
from low-level sensor data. Selecting sensors to log the context in the life of the person will 
therefore depend on the expected context logs in the system.  

2.1.2.2 Content logs 
Content logs refer to media data, such as images, audio, and videos that can be related to 
the context logs. Having content data associated with the context data will enrich the logs 
and give a better overview of the person's life, e.g., providing text with images and audio 
about the presence of the person in a special place at a specific time. Thus, the person can 
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have cued recall when reminiscing. There are plenty of lifelogging devices that can be used 
to capture content for logs, such as images and video. However, SenseCam is currently the 
most mature visual lifelogging device and has been used intensively by researchers in the 
lifelogging field [22]. 

SenseCam is a ubiquitous computing device that can provide a digital record of the 
wearer’s day, by capturing a series of images and recording a log of sensor data passively 
[32]. It is typically attached via a neck strap or clip to the front of the user’s body. This 
device was developed in Cambridge UK as a tool for keeping a digital record of the 
activities that a person experiences. The name SenseCam is a combination of the word 
Sensing, as it senses the environmental data, and the word Camera, as it captures images 
[4]. SenseCam contains a number of different electronic sensors; light-intensity and light-
color sensors, a passive infrared (body heat) detector, a temperature sensor, and a multiple-
axis accelerometer. Certain changes in sensor readings can be used to automatically trigger 
an image to be taken. If there are no changes in any of the sensor readings for a 
predetermined period, an image will be captured automatically. It is also possible to disable 
image capturing based on sensor changes and set the camera to take an image based on a 
fixed time interval. The camera typically captures 2000 to 3000 images per day, giving the 
possibility to have around 1 million images over the year. SenseCam is provided with a 
wide-angle fish-eye lens that maximizes the captured view in front of the wearer.  

The commercial version of SenseCam is called ViconRevue5, which is described as a 
camera for “memories for life”. Another wearable lifelogging camera that has been 
emerged recently is The Narrative Clip6. This camera is smaller, lighter, and has longer 
battery life than ViconRevue. Figure 2.1 below show both the ViconRevue and The 
Narrative Clip cameras. 

  
Figure 2.1. Prototypes of wearable lifelogging cameras: ViconRevue (left) and The Narrative Clip 
(right). 

These wearable cameras are becoming a memory-aiding tool that might be integrated into 
the healthcare domain as a supporting device for persons with memory impairment [4]. The 
captured images help build up a media-rich lifelog that can be integrated in a digital system 
                                                           
5 http://viconrevue.com/ 
6 http://getnarrative.com/  
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to support reminiscence processes. The images can be grouped in clusters based on other 
sensor data and then added to the digital lifestory to be retrieved later. In addition, sensor 
readings can be helpful in analyzing the day and segmenting it into different activities. For 
instance, significant change in the reading value of the temperature sensor might indicate 
that the user moved from an indoor environment to outdoors. Figure 2.2 below shows some 
examples of images captured by the ViconRevue. 

 
Figure 2.2. Sample ViconRevue images. 

Based on the discussion above, digital lifelogs, both in context and content, need to be 
logged automatically by the system. The system will then reason about the context logs and 
annotate them with content logs in order to build a digital reminiscence system. The 
following objectives are related to the work on logging, detecting and reasoning of the 
lifelogs in lifelogging and wearable systems: 

Objective 2: To collect digital lifelogs as unobtrusively as possible (some persons might 
feel uncomfortable or stigmatized while showing sensors when logging their daily life). 

Objective 3: To collect digital lifelogs easily without overloading the person with many 
sensors and instructions (the interaction between the user and the system should be kept to 
minimum to improve the usability). 

Objective 4: To make sense and to create semantic meaning of the digital lifelogs, so that 
they can be integrated in the digital lifestory when building the digital reminiscence system. 



 

 

Thesis Overview 

18 

After logging the digital lifelogs, the next step is to organize these logs in a meaningful way 
for the user. The lifelogs should be presented as activities that help the user review the life 
and retrieve life experiences. 

2.1.3 Activity Recognition 
Activity recognition methods are gaining more interest in the pervasive computing field 
[33]. This task plays a vital role in lifelogging systems, since life experiences benefit from 
being segmented into units that are available for later retrieval. Activity recognition is the 
act of acquiring data about persons’ behaviors and actions. Data from different sensors, 
either integrated in the environment or worn by the user, are analyzed by the system to 
reason about human activities. The representation of activities can be at a low level, such as 
picking up a pen from a table, or at a high level, such as being at university. It is important 
to define the representation level of activities in advance. For instance, should the system 
provide acknowledgment for the person about all the activities at home, such as making tea, 
having breakfast, and watching TV? Should those activities be combined into a higher-level 
activity called "at home"? An important activity for one person might be a trivial one for 
another; thus, the definition of activities is tricky and it differs among persons.  

The digital reminiscence system should log the current information of the user and create a 
time log of previous states based on context and content data. It is necessary to aggregate 
collected data in the form of activities and then represent those activities in the digital 
lifestory. The passive collection of data generates noise and adds more difficulties to the 
activity recognition task. However, the main role of this task is to organize the lifestory as 
activities through a system that makes it accessible and searchable as a tool for reminiscing. 
An understanding of the semantic meaning of an activity would be valuable to the user to 
rapidly locate it. 

Context logs provide a foundation for organizing life as activities. For example, the day can 
be presented in chronological order based on places visited and persons met. Whatever 
techniques are used in recognizing activities, images can be later associated with them as 
content data to enrich the logs and visualize the life. Aggregating the collection of context 
and content data as activities results in presenting the life in story form, which gives an 
opportunity to reflect and reminisce upon the life experience. Figure 2.3 [2] below, 
illustrates the idea of clustering a collection of images into multiply activities. 

 
Figure 2.3. Clustering sequence of images into activities 
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When digital lifelogs are segmented into activities, it is possible to compare these activities 
and find similarities. It is also possible to investigate what activities are more important and 
highlight them in the digital lifestory of the person. For instance, activities that contain 
images with faces facing the camera can be considered important, as can face-to-face 
conversations [34]. Another technique could be highlighting the activities that are novel and 
not common as everyday activities [35], such as hiking. Aiden Doherty [2] presented the 
sequence of event segmentation, event importance, event retrieval, and event augmentation, 
as shown in Figure 2.4 below. 

 
Figure 2.4. Event segmentation, event importance, event retrieval, and event augmentation in 
lifelogging systems 

The objectives of the activity recognition task in lifelogging systems when building digital 
lifestories can be summarized as follows: 

Objective 5: To build a digital lifestory of the person’s life based on digital lifelogs.  

Objective 6: To provide searchable and accessible activities in the digital lifestories.  

Objective 7: To organize the digital lifelogs as activities in a way that is meaningful to the 
user, so the user can recall and retrieve the life experiences. 

2.2 Related Work 
The papers included in this doctoral thesis contain related work sections that address the 
research presented in each paper. In this section, related work is presented from the 
perspective of the whole thesis. First, the section presents lifelogging techniques and 
systems that have been developed by other researchers to help users log their life and 
retrieve life experiences. Secondly, some studies that rely on location data in reasoning 
about the user's place and activities are presented. Finally, the use of accelerometers as a 
source of contextual data to reason about the user's movements and activities is covered. 
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2.2.1 Lifelogging for Retrieving Life Experiences 
The major challenge when using lifelogging technologies as a means for retrieving the life 
experiences is the automatic detection and annotation of real world activities. Presenting the 
life in blocks or activities that are accessible and searchable is fundamental to the process. 
To provide efficient user-centric access to the images in the digital lifestory, those images 
should be indexed and have semantic meaning that represents their meaning in the real 
word.  

Some research projects have been carried out in different organizations to build a system 
that can log the life and make it available for later retrieval. The focus is to aid persons in 
recalling life experiences and possibly build episodic memory. For instance, MyLifeBits is 
an effort to build a tool to be a lifetime store of everything in the life of the person [36], the 
Context-Coded Memories project aims to provide technological support for episodic 
memory to aid persons in storytelling and reminiscence activities [37], and the PENSIEVE7 
project utilizes lifelogging to help persons remember key facts about their lives, such as 
names, faces, and conversations. The typical approach in such systems is to use wearable 
devices that can capture and collect data during the person's day. The data is then 
transferred to local storage where it is aggregated and analyzed to form a lifestory.  

Most recent studies in the lifelogging community rely on SenseCam as a logging device, as 
it provides a stream of images and data of the user's life. An experiment has been done by 
Hodges et al. to compare the impact of using baseline, diary, and SenseCam images on 
retrieving previous events for persons with amnesia [4]. The results showed SenseCam 
images help in remembering aspects of several events over the long term, and SenseCam 
has the potential to become a more suitable tool for recalling previous experiences. Figure 
2.5 [4] below, shows the results of the experiment. 

 
Figure 2.5. Memory of an event over time. 

                                                           
7 http://www-03.ibm.com/press/us/en/pressrelease/24750.wss 
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This experiment was the basis for other studies that focused on images as a significant way 
to aid persons in storytelling and reminiscence processes [38] [39] [40] [41]. All the studies 
show positive results from using images as cues when retrieving life experiences. Images 
are considered content data that can be reviewed within a digital system that visualizes the 
life. The system can be considered as a retrospective memory aid for persons with memory 
impartment or as a digital calendar of life that provides access to the events that the user 
experienced. 

Byrne et al. used low-level features of SenseCam images to define high-level semantic 
concepts, such as eating, road, sky, office, etc. [42].  Twenty-seven semantic concepts have 
been defined and used as a source for improving the segmentation task. To improve the 
content-based retrieval, Byrne et al. combined contextual sources, namely GPS 
measurements and MAC addresses of nearby Bluetooth devices, with the content sources to 
add more accuracy when defining and retrieving activities [26]. The feasibility of using 
GPS data and Bluetooth MAC addresses to improve the retrieval of similar events was 
successfully tested. GPS offers a way of determining the location at which an activity 
occurs, while Bluetooth MAC addresses infer the presence of specific individuals in an 
event. 

Aiden Doherty relied on SenseCam sensors readings and low-level images to define periods 
and cluster a day into distinct activities [2]. Color layout, scalable color, edge histogram, 
and color structure for each image are extracted to give an indication of what image 
features are represented in this image. SenseCam sensors readings, including an 
accelerometer, ambient temperature, light levels, and passive infrared detectors, are then 
associated with each image based on time. The values of sensors readings and images 
features are normalized to ensure that they are all on the same scale for comparison. The 
adjacent image/sensor values are then compared to determine dissimilarity. When the 
dissimilarity value is higher than the threshold value, a boundary for a new activity is 
considered. The activities are compared and the important ones are marked based on the 
concentration of detected faces and the novelty of the activity.  

Doherty et al. [22] extended the work that is presented in [2], and they developed a 
lifelogging application that helps the user review life experiences. The application gives 
answers related to: where (e.g., the activities that happened in the working place), when 
(e.g., the activities that happened on a single day), what (what the user was doing, e.g., 
eating), and who (how many persons involved in the activity based on how many faces 
appear in the image). The images are grouped into activities that reflect the personal 
moments important to the user using multiple sensory paths. The lifelogging application 
was tested with a user who has more than two years of lifelogs, and the results showed that 
the retrieving of the activities improved significantly. The average time to locate an activity 
was reduced from 774 seconds when browsing to 127 seconds when presenting the user 
with multiple sensory paths. However, the authors in [22] think that 127 seconds will not be 
acceptable for users who want to retrieve the life experiences instantly; this poses a 
challenge to the retrieving technique development. Figure 2.6 [22] demonstrates the 
interface of the application that uses the benefits of the segmenting technique.  
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Figure 2.6. The interface of a lifelogging application that support retrieval of the life experiences on 
the who, what, when, and where. 
A prototype application has been developed by Matthew et al. to support persons with 
episodic memory impairment (EMI) [43]. The system captures photos, ambient audio, and 
location information during the person's day. The approach analyzes content and context 
data and progressively reveals cues to facilitate the reviewing process. The carer can then 
construct and annotate a narrative containing meaningful cues from the lifelogs before 
saving them to the system. It is possible to have real-time voice annotation and to record a 
voice annotation by the carer to describe the captured photos. The visual and audio cues 
chosen by the carer are presented in a slideshow narrative where the person with episodic 
memory impairment can review and recollect previous life experience. This approach, 
called the self-guided approach by the authors, progressively revealed more details about 
previous events to support a deeper processing of memories, which lead to easier recall of 
the life experience. However, the approach relies heavily on the carer annotating and 
organizing the cues within the system. Figure 2.7 [43] shows the interface of the 
application, which is called CueChooser. 
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Figure 2.7. CueChooser user interface 

Aizawa et al. [30] presented a lifelogging system that contains a wearable camera, a 
microphone, acceleration sensor, gyro sensor, GPS receiver, and brain wave analyzer. All 
sensors are attached to a portable notebook PC, as shown in Figure 2.8 below. The data is 
transferred from the sensors to the PC and then to the Internet via modem. The collected 
data from the sensors are analyzed, and information, such as motion and location, is 
extracted about the context. This information provides context-based features that can be 
used as keys when retrieving life experiences. Visual data from the camera and recorded 
audio from the microphone are acquired as content-based information. A conversation 
scene will be identified if the human voice has frequencies distinct from other sounds and if 
the camera has detected a human face. The detection of conversations worked well while 
the user was walking around in the university and in the park. However, false alarms 
happened when many persons were around the user, since there was noise and many 
persons talking.  

 
Figure 2.8. Wearable devices for capturing lifelogs. 
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The presented digital reminiscence system in this doctoral thesis relies on the methods that 
have been used by other researchers in logging life, but it extends the previous works by 
introducing a home-based review client that supports reminiscence therapy and helps in 
adding and recalling past and future activities. The review client clusters the collected data 
into activities with identified places and persons, which can be adjusted by the user to semi-
automatically form digital lifestories. The system can improve its knowledge based on the 
user's preferences and thus reduce the user's intervention in annotating and adjusting the 
data.  

2.2.2 Location-based systems 
Location-based systems are applications that use the physical location of the user to provide 
an enhanced service or experience. Outdoor and indoor location determinations are 
approaches that can be used to detect the location of the user [44]. Outdoor positioning 
systems rely on positioning information, usually GPS (Global positioning systems). Based 
on the GPS data, the system can provide real-time services such as navigation. GPS data 
can also be analyzed later by the system to provide other services such as annotation of 
images to the location information. Indoor positioning systems rely on other techniques 
such as using Bluetooth, WLAN, infrared or RFID (Radio frequency identification) tags to 
match devices to nearby services [45]. To rely solely on positioning information for 
detecting the visited locations, the user needs a logging device carried with him, most 
commonly a mobile phone, which can periodically log location data during the day. 

Location information is important when creating the digital lifestory as it can promote 
inference of places and activities. A group of clustered location data can represent a place 
and possibly several activities in that place at different times. It is therefore significant to 
group location data into clusters. The most known clustering methods are the K-means [46] 
and the density-based [47]. The K-means clustering approach assigns K initial means 
randomly, and then it goes over all the observations and assigns them with the nearest 
mean, which results in having K clusters. The mean value of each cluster is calculated, and 
then the method is repeated until the error term is deemed small or not decreasing much. As 
drawbacks, this method is very sensitive to noise, and the number of the clusters (the 
places) should be known in advance.  

Marmasse et al. introduced a location-aware application called comMotion [48]. This 
application focuses on GPS data to define locations that are frequently visited by the user. 
Losing GPS signals within a given radius on three different occasions indicates that this 
location is a building and it will be marked as salient location. The user can then label this 
place and assign a to-do list to it as text or recorded audio. The user can also ignore the 
place if it is not an interesting one to keep. Another study has been done by Ashbrook et al. 
that uses a variant of the k-means clustering algorithm to define clusters that represent 
places based on GPS points [49]. The algorithm is applied again within each place to search 
for sub-places. The system will then incorporate those defined places into a predictive 
model of the user’s movements. 

The Density-based clustering approach overcomes the limitations of the K-means clustering 
method. This approach uses two parameters that are the Radius, the range around a point 
where other points in that range are considered neighbors, and minPts, minimum number of 
neighbors that a point needs in order to not be declared as noise. After setting those 
variables, the algorithm uses the density of local neighbors of points to form clusters. This 
is done by taking a point and then clustering all the points within its radius (high destiny 
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neighbors) in one cluster. This approach is repeated for all the points resulting in many 
clusters with different arbitrary shapes. All points that do not belong to any cluster are 
considered noise. Whatever the selected approach is, the aim is to define clusters of 
location data, which might correspond to real-life places and activities. Zhou et al. 
implemented a density-based clustering algorithm, called DJ-Cluster, to discover places 
that are of interest to the user based on a series of GPS points [50] [51]. Figure 2.9 below 
(found in [50]) presents a cluster that is formed based on the density of the GPS points. 

 
Figure 2.9. A density-based approach forms a cluster where GPS points’ density is high 

After the clusters are identified, the features of those clusters are extracted. Features are 
mainly the amount of time that the user spent in each cluster and the number of days on 
which a visit to a location in the cluster occurred. The outcome of the study was a learning 
approach that predicts not only important and frequent places, but also important and not so 
frequent places. 

Aizawa et al. [30] relied on time-stamped GPS data that are collected using a GPS receiver 
to analyze the user's location. The collected latitude and longitude information is 
transferred and analyzed to identify a locality. The localities are obtained using the town 
database, which contains information about stores, companies, restaurants, etc. Thus, the 
GPS data is converted to addresses. In addition to the latitude and longitude, derivatives of 
the location are used to define the user's movement, such as speed and direction. If a 
locality is identified and then the GPS signal is lost, the system assumes that the user 
entered the locality, such as a shop. However, if the locality is identified and the user was 
still moving, the system assumes that the user was passing by the locality. The speed of the 
user's movements is used to define moments when the user was standing still. This 
technique helps in retrieving video data, which is recorded synchronously with the location 
data. For instance, the user can retrieve video frames when he or she was having a 
conversation with someone. 

Images provide content that can be associated with location data. Several techniques have 
been proposed to associate images with the location information for later retrieval. Bisht et 
al. took a simple approach in which digital camera images are associated with the locations 
where the images were taken based on GPS data and time [37]. Kalnikaite et al. used the 
same approach with SenseCam images [41]. If a SenseCam timestamp falls within 50 
seconds of a GPS timestamp, that image and the GPS point will be paired. Another 
application that presents groups of images on a map based on their locations has been done 
by Toyama et al. [52]. All the images are tagged by location and stored in a database; then 
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the application groups the images and shows them on the map based on the tagged location. 
Figure 2.10 [52] below illustrates the interface of such applications where images are 
grouped based on location data.  

 
Figure 2.10. Full-view panel showing a photo in primary window and thumbnails of images that are 
taken in the same location  

The research presented in this doctoral thesis combines the concept of clustering location 
data with the concept of activity recognition. The results are presented through a lifelogging 
application that aims to create digital lifestories based on places, activities, and images. The 
proposed approach uses clustering algorithms to explore geographical places where the user 
spent significant time. Activities are identified based on the clustering results and time. 
SenseCam images are then associated with those places and activities, and they are 
presented to the user for reviewing and adjusting before saving them to the lifestory.  

2.2.3 Activity classification using accelerometers 
In recent years, much work has been carried out on human activity recognition using 
accelerometers [53]. The small size, lightweight, low power consumption and low cost of 
accelerometers make them well suited to wearable applications [5]. Acceleration data can 
be collected and then analyzed to recognize the daily activities of the user such as sitting 
and walking [54]. It is also possible to use acceleration data to analyze the body movements 
of the user to give an indication of the intensity of the performed activities. Utilizing 
accelerometers will improve the activity recognition task, which can contribute into 
segmenting the day into activities in the digital lifestory. Many researchers have conducted 
experiments to investigate the optimal placement of accelerometers in order to reduce the 
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number of the needed sensors. Having multiple sensors will increase the complexity of the 
monitoring system and make it more cumbersome for the user [55]. It is therefore important 
in wearable applications to find which locations on the body provide the most relevant 
information to perform the detection. 

Most of the studies in this field rely on machine learning techniques when analyzing the 
acceleration data. Some studies focused on the use of a single accelerometer for detecting a 
range of everyday activities. For example, Mathie et al. [56] investigated the accuracy of 
detecting falling, walking, sitting, standing and lying using an accelerometer placed at the 
waist. The study showed that the Decision tree classifier could detect the activities with an 
accuracy of 87%. Karantonis et al. [57] conducted a similar study to detect sitting, standing, 
walking, lying in various positions, and falling using acceleration data from the waist. 6 
subjects participated in the study and the results showed that the Decision tree classifier 
gave an accuracy of 91%. Yang et al. [53] used acceleration data collected from the wrist to 
detect a set of everyday activities. The activities were standing, sitting, walking, running, 
vacuuming, scrubbing, and brushing teeth. The Neural network classifier classified the data 
with an accuracy of 95%, while KNN with an accuracy of 87%. Bonomi [58] studied the 
detection of lying, sitting, standing, working on a computer, walking, running and cycling 
using a single accelerometer placed at the lower back. The accuracy was 93% using the 
Decision tree classier.  

Some researchers used many locations on the body when collecting acceleration data. Bao 
and Intille [59] tried to classify 20 activities using accelerometers placed at the upper arm, 
lower arm, hip, thigh and ankle. Machine-learning techniques were used to train different 
classifiers using the collected acceleration data. The Decision Tree classifier yielded the 
best performance achieving 86% accuracy. The authors in [59] mentioned that this accuracy 
was reduced by 3% when data from only the thigh and the wrist was considered. Olguin 
and Pentland [60] conducted an experiment to compare the activity recognition accuracy of 
four configurations of accelerometers from three placements. The classifier achieved an 
accuracy of 65% using only one accelerometer placed at the chest. This accuracy was 
increased to 87% when combining data from accelerometers placed on the wrist and hip, 
and to 92% using data from all three locations. Another work presented by Gjoreski et al. 
[61] investigated the detection of lying, sitting, and standing using accelerometers placed at 
the chest, waist, ankle, and thigh. The accuracies ranged from 75% to 99% using the 
Random Forest classifier. Atallah et al. [54] presented an experiment with seven 
accelerometers placed at the chest, hip, upper arm, wrist, thigh, ankle and ear. The purpose 
of the study was to find which location was best for different activity levels, e.g., very low, 
low, medium, high and transitional. The wrist sensor provided reasonably good rates of 
precision and recall for similar activities, e.g., preparing food and eating. An accelerometer 
placed at the waist performed best for low level activities, where the differences in body 
acceleration were more distinctive, e.g., walking and reading. 

Although previous works have investigated the accuracy of activity detection using 
acceleration data, none have considered all possible combinations of sensor locations. The 
research presented in this doctoral thesis investigates the effect of combining data from 
accelerometers at multiple locations on the accuracy of activity detection. All possible 
combinations of sensor locations are tested to find which combination of sensors provides 
the greatest accuracy of detection of everyday activities. 

Most of the previous work has focused on the use of accelerometers for the purpose of 
activity detection. This doctoral thesis discusses the use of accelerometers for the purpose 
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of analyzing body movements as well. The purposes of the classified data from movement 
analysis and activity recognition are different. The primary purpose of movement analysis 
is to determine the movement effort, which can be used to clarify the current situation of 
the user. For instance, physiotherapists can get an estimation of the body movements’ level 
of their patients throughout the therapy. On the other hand, the purpose of classical activity 
recognition classification is to gain direct insight into the specific type of activity. 
Fagerberg et al. [62] tried to find a connection between the mental state of the subject and 
the movements being performed. The body movements were classified by simply observing 
the subjects by experts. Mentis et al. [63] used video data captured by a Kinect camera to 
analyze the movement qualities. The movements qualities were calculated based on 
acceleration, pathways, velocity, levels and relationship of limbs to the body.  

There is little work that investigated the use of accelerometers for the purpose of analyzing 
body movements. Godfrey et al. [55] presented a review that compares the use of 
accelerometer with other techniques for the purpose of analyzing body movements. 
Collecting the movements was done by the use of diaries, questionnaires or observation. 
These techniques were rejected because they present disadvantages when a continuous 
analysis of the movements is required. However, the review did recommend the use of 
accelerometers when collecting movements due to their the low cost, weight and power 
consumption. The review also presented a compromise between the number of 
accelerometers and the data obtain from them. The authors affirmed that a smaller number 
of accelerometers makes the monitoring of movements less complex, whereas the quantity 
of information is reduced. Another study was done by Veltink et al. [64] to distinguish 
between postures and movements of the body. The authors used two uni-axial 
accelerometers placed at the trunk and the upper legs for the detection purpose. The study 
showed that it is possible to distinguish between postures and movements by simply 
checking the sensors signal. If the signal is not changing over time, it can be assumed that 
the body segment is not moving. However, the discrimination between various movements 
was not analyzed. 

This doctoral thesis extends the previous work that investigated the use of accelerometers in 
wearable systems. The thesis presents solutions for the best placement of accelerometers in 
order to detect a set of everyday activities, and to analyze the body movements of the user. 
The results show what single location is best, in addition to what combination of locations 
could increase the accuracy of the detection results. 

2.3 Research Questions 
This thesis describes a digital reminiscence system that can capture and visualize 
information about the life of a person. The aim is that the proposed reminiscence system 
would in general be beneficial for anyone that would like to log his life or act as a 
reminiscence tool for persons with cognitive impairments, such as mild dementia. The 
research presented in this thesis therefore focuses on a number of research questions 
applicable to supporting persons with mild dementia. This means that the technical aspects 
of the thesis, such as evaluating sensor placements or techniques for activity recognition, 
also need to consider usability such that a person with mild dementia is not overly burdened 
by the system. The main technical challenge is thus to design a digital reminiscence system 
that supports activity recognition by involving as few devices as possible while 
satisfactorily capturing daily activities. 
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The main research questions covered in this thesis are: 

R1. Which lifelog entities need to be captured and displayed in a digital reminiscence 
system? 

A digital reminiscence system captures data related to a person's daily activities. Such a 
system would store the data as lifelog entities and then analyze these to visualize the 
person's captured activities, which could, for instance, be used to share life experiences or 
to support the reminiscence therapy. There is a balance between the system's capability to 
capture the lifelog entities and the burden it places on the person. This research question 
therefore focuses on finding the key lifelog entities, while the number, size, and weight of 
the necessary sensors and devices are kept to a minimum. Note that the selection of the 
sensors puts limitations on which lifelog entities can be captured and on their accuracy, 
which affects the whole system design. This question is connected to objectives 1, 2, and 3 
(in section 2.1.2). 

R2. How can lifelog entities be described as activities? 

Visualizing a person's activities is central to a digital reminiscence system's ability to 
support the person's need for recalling and reminiscing. The system should therefore 
organize and visualize the captured lifelog entities as activities that can be easily accessed 
by the user. The system should also provide methods for searching these activities later on. 
The use of the system for reminiscence therapy, in which a person discusses his day with a 
relative or carer, adds requirements, such as the ability to edit or annotate activities and add 
lifelog entities manually. This is important, as the person can participate in giving semantic 
meaning to the presented activities during the discussion and adjust the lifestory, which will 
improve retrieving and recalling of life experiences. This question is connected to 
objectives 1, 4, 5, 6, and 7 (in sections 2.1.2 and 2.1.3). 

R3. How can location data be utilized to identify places and recognize activities? 

Location data is important, as it can be logged passively using different gadgets. For 
instance, a mobile application installed on the user's phone can log location data 
periodically and passively in the background. How can location data be utilized by the 
system to recognize new visited places? Answering this question will hint at recently 
visited places. This research question also focuses on how these recognized places can be 
used to infer possible activities. The overarching aim of efficient place identification is to 
improve the activity recognition task when creating digital lifestories. This question is 
connected to objectives 1, 4, 5, 6, and 7 (in sections 2.1.2 and 2.1.3). 

R4. What is the best accelerometer placement for activity recognition and body 
movement analysis? 

Accelerometers may provide data to recognize the user's activities and to analyze the user's 
body movements. This will improve reasoning about the user's daily life, which will 
improve the activity recognition task. For instance, "Walking in the park with Johan" is an 
example activity where the activity (walking), which is recognized by accelerometer data, 
adds semantic meaning and makes the activity easier to understand and more searchable. 
This research question thus focuses on what the best accelerometer placements are for a 
digital reminiscence system. This is important because the user is expected to wear multiple 
sensors and devices on a daily basis, so reducing the number of required sensors would 
reduce the risk of the user becoming encumbered. This question is connected to objective 1, 
2, 3, 4, 5, 6, and 7 (in sections 2.1.2 and 2.1.3). 
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2.4 Delimitations 
Even though some of the results of this thesis present a digital reminiscence system that 
aims to be used by persons with mild dementia, the focus is not on dementia and memory 
problems. Reminiscence and memory support is a separate research area that requires 
healthcare professionals' involvement. Instead, memory support is presented in the thesis 
based on other authors work to propose the idea of documenting life as a digital lifestory. 
The presented system can be used by anyone interested in recording life experiences, and 
for making these available for later retrieval. Moreover, security and privacy are both 
important aspects when undertaking research in lifelogging. However, both these areas are 
significant research areas on their own and have not been a focus of the work presented in 
this doctoral thesis.  

In addition, human-computer interaction is an interdisciplinary research topic. The design 
of the presented system has been simplified so it will not bother the user when logging life. 
However, no specific research on interaction and interface design is mentioned in this work, 
as it is beyond the scope of the thesis. The overall results provide solutions for establishing 
digital reminiscence systems that can be used in further research to handle other problems. 
Furthermore, the presented approaches for activity recognition tasks can be adopted in 
different scenarios and serve as initial guidelines for further development in various 
systems.  

A prototype system is deployed and field-tested by 10 persons with mild dementia together 
with their carers. However, there is a new prototype system, called Dem@Care8, that logs 
the life of persons with dementia, which was developed and deployed in a nursing home in 
Sweden. The current system "aspires to contribute to the timely diagnosis, assessment, 
maintenance and promotion of self-independence of persons with dementia, by deepening 
the understanding of how the disease affects their everyday life and behavior". As the 
Dem@Care pilot was not finished at the time of writing this thesis, the final results could 
not be presented in this thesis. 

2.5 Research Methodology 
The research presented in this thesis has been conducted with the aim of solving actual 
problems found in the real world through the use of technology. This has been 
accomplished by working on research projects that involve research and healthcare 
organizations. The used research methodology was practical in nature, resulting in a 
prototype application that can be used in real life and thus demonstrates the proposed 
solutions. Although the prototypes themselves may not always yield scientific results, they 
can still be used to facilitate research being conducted and act as a source of inspiration for 
new ideas. 

The thesis presents a prototype of a digital reminiscence system for persons with mild 
dementia. This prototype was developed and evaluated with real users suffering from mild 
dementia to serve as a proof of concept. Conducting experiments with real users makes 
them exploratory in nature, which reveals new factors [65]. Even though the development 
of prototypes is time-consuming, having a running system will result in better evaluation 
for the applied concept and in releasing new findings, which would otherwise be neglected. 
                                                           
8 http://www.demcare.eu/   
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The presented prototype has been developed from scratch by exploring different techniques 
that are available to log the lives of persons and make it available for later retrieval. System 
experts, such as healthcare professionals, were involved in the design process to improve 
the outcome of the study, since the target users are persons with mild dementia. Paper 
prototyping was used first when designing the system by simply drawing user interface 
components on paper. This allowed system experts to easily express their design thoughts. 
The paper prototyping was then converted into a PowerPoint prototype and presented to the 
system experts to get feedback about the operation flow. This method removes the focus on 
technology and allows non-technical persons to take part in the design process. Involving 
real users and persons from the healthcare domain who work closely with persons with 
mild dementia was helpful in providing feedback on different design aspects.  

The research was conducted in parallel with the development process by focusing on what 
can be achieved by the use of this system in addition to how to build it properly to fit users' 
needs. Evaluation was done by deploying and testing the system with real data and real 
users, in order to make sure that the system addressed the problems it was created to solve. 

2.6 Overview of included articles 
In this section, each publication included in the thesis will be briefly presented. The overall 
theme is to create lifestories through a digital system that uses reminiscence therapy and 
can be used as an external memory aid. The research also discusses the use of location data 
and accelerometers to improve the activity recognition task. 

The included publications, except Paper 3, have been reproduced in their original form. An 
extended version of Paper 3 was included in the thesis, because the published conference 
version lacks some of the evaluation results.  

All included publication have been adjusted as follows: 

• The formatting of the papers has been unified so that they all share a common style and 
appearance. 

• Figures have been resized and repositioned to fit aesthetically in the common layout 
used. 

• Figures, tables, and sections have been renumbered to fit into the numbering scheme 
used throughout the thesis. 

• Editorial changes of grammar and spelling have been undertaken to correct a few 
minor errors. 

Paper 1 presents findings related to the design of digital reminiscence systems by the 
utilization of lifelogging technologies, as well as problems that need to be addressed, such 
as simplifying the operation flow within the system. Paper 2 presents some techniques that 
have been implemented to develop a digital reminiscence system for persons with mild 
dementia. The system can initially list the life as activities based on persons, places, and 
images. Paper 3 focuses on collected location data to improve the activity recognition tasks. 
The presented technique helps in improving the segmentation of the collected data during 
the day. Paper 4 discusses the use of accelerometers in order to detect a range of everyday 
activities. Finally, paper 5 investigates the possibility of using a single accelerometer in 
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order to analyze the body movements of the user. Figure 2.11 below shows an overview of 
the topics covered by the included articles. 

 
Figure 2.11. Overview of the topics covered by the included articles 

 
Paper 1: Building digital lifestories for memory support 

The first paper discusses how a digital system that uses reminiscence therapy can be 
designed. Persons with mild dementia, together with their carers, can use the system to 
support their memories and to improve their social involvements. An overall view of the 
data flow within the system is presented through a prototype design. In addition, the paper 
presents lifelog entities that are significant for visualizing life and retrieving it later as 
activities. This article captures the theme of this doctoral thesis and shows how lifelogging 
could be implemented in a digital system that can be used for reminiscing and retrieving 
life experiences.  

Paper 2: Creating Digital Lifestories through Activity Recognition with Image 
Filtering 

The second paper presents the implementation of some algorithms that have been used to 
develop the digital reminiscence system. The article presents a method that uses previous 
knowledge of context data as an indication of the user's activities. The digital lifestory is 
then listed as activities based on places visited, persons met, and captured images. This 
paper also discusses the filtering techniques that have been implemented to reduce the 
number of the automatic captured images before recognizing activities. The focus of this 



 

 

Thesis Overview 

33 

paper is about how the prototype design, which is presented in paper 1, can be developed 
into an actual functioning system.   

Paper 3: Structuring and Presenting Lifelogs based on Location Data 

The third paper presents an approach that relies solely on location data to improve the 
activity recognition task. Geographical areas where the user spends significant time are 
automatically clustered as possible places. Activities are then identified based on the place 
clusters and time. After defining places and activities, images are associated with them and 
presented to the user for reviewing and adjusting. The paper aims at improving the 
segmentation of real-life places and activities within the digital reminiscence system, which 
is presented in paper 2. 

Paper 4: Optimal Placement of Accelerometers for the Detection of Everyday 
Activities 

The fourth paper discusses the use of accelerometers in order to detect a range of everyday 
activities. Acceleration data is collected from six wireless tri-axial accelerometers placed at 
the chest, wrist, lower back, hip, thigh, and foot. The targeted activities are walking, 
running on a motorized treadmill, sitting, lying, standing, and walking up and down stairs. 
The paper investigates the best machine-learning model for classifying the data. It also 
investigates the optimal placement of a single tri-axial accelerometer for detecting the 
selected range of everyday activities. In addition, the paper discusses how combining data 
from tri-axial accelerometers located at different placements affects the accuracy of activity 
detection. The aim of the paper is to find the optimal placement/placements of 
accelerometers in order to detect a set of activities for daily living. This will improve the 
activity recognition task in the digital reminiscence system by using accelerometers.  

Paper 5: Analyzing Body Movements within the Laban Effort Framework Using a 
Single Accelerometer 

The fifth paper discusses the use of accelerometers in order to analyze the user's body 
movements. While paper 4 focuses on the use of accelerometers for activity-based 
recognition, paper 5 focuses on movement-based recognition. The paper investigates the 
optimal placement of a single accelerometer in order to classify the body movements 
including: Strong—Light, Free—Bound, and Sudden—Sustained. The acceleration data is 
collected from three body placements (chest, wrist, and thigh) simultaneously in order to 
analyze the placements comparatively. The aim of the paper is to indicate how to estimate 
the physical level of the body movements. This can contribute into improving the reasoning 
of the user's daily life, which will improve the activity recognition task in the digital 
reminiscence system by using accelerometers. 
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Building digital life stories for memory 
support 
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Abstract: The number of persons suffering from dementia is increasing, and there is 
significant human and economic value to gain by enabling them to keep living 
independently in their homes. The top priority unmet need is for memory support. This 
paper introduces context-awareness and life-logging in a system using reminiscence 
therapy methods, embodied as an ICT memory aid for recording past, current and future 
activities, which can later be recalled. The tool may help build or maintain episodic 
memories and self-image, although evidence in this area is lacking. It is designed to also 
give direct and instrumental support in other priority needs areas. A prototype design is 
described for a system that is by necessity extremely easy to use, with a touch screen 
computer in the home and mobile devices for data capture and cognitive support. The main 
life-log entities associated with the logged activities are places, persons, personal items, and 
recorded media. Privacy, trust and dignity are key ethical issues. 

Keywords: digital life stories; memory support; assistive technology; life logging; context awareness; 
reminiscence methods; dementia. 

3.1 Introduction 
The population suffering from chronic diseases, such as mild dementia, is increasing in our 
aging society [1]. These persons have difficulties with their daily life as they have problems 
with remembering names, faces, details of their day, and how to navigate home or to other 
places. They can also be unable to do even mundane tasks such as preparing a meal, 
because they cannot remember the steps involved, and if they succeed they may forget to 
serve it [2]. Their ability to maintain an independent living is thus reduced and they risk 
losing social contacts while becoming increasingly frustrated, affecting not only themselves 
but also the persons around them. 

Persons with dementia often rely on external memory aids to help them compensate for 
their memory deficits, such as calendars, diaries, alarms, whiteboards, notebooks, and 
timers [3]. Those devices have been shown to help persons with dementia maintaining an 
account of their daily life [4] [5] [6] [7]. The external memory aid builds on the concept of 
life story work where reminiscence provides a sense of control over the past, present and 
future [8] [9]. 

This article presents the idea of providing an external memory aid which supports a person 
with mild dementia in coping with memory problems by using context-aware life-logging 
techniques [10]. Life-logging is recording activities that a person experiences for later 
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retrieval, while context-awareness is reacting on changes in contexts. For example, logging 
a picture when a person changes location. The aim is to create a semi-automated system 
which helps persons with mild dementia in supporting and maintaining their life story. 

The proposed system enables real-time support and media-enriched life-logs for integrated 
assistive services by utilizing established reminiscence processes and state-of-the-art 
technology. There are a number of challenges associated with this type of system. The 
weight and size of worn devices needs to be kept to a minimum, which affects battery life 
and utilization of sensors thus limiting capture of life-log entities. Furthermore, the system 
needs to be easy to operate while addressing privacy carefully. The service for reviewing 
and reminiscing must also be highly intuitive even if a carer will assist in the review 
process by annotating names and further details. 

In summary, the challenges considered in this article are: 

1. Which data and life-log entities are realistic and useful to capture to support 
reminiscence for a person with mild dementia? 

2. How can reviewing and reminiscing be simplified for a person with mild dementia? 
The rest of this article is organized as follows. The next section reviews the state-of-the-art 
in reminiscence and life story work. Section 3.3 describes a scenario which presents the 
functionality of the proposed system. Section 3.4 describes the concepts behind creating a 
life story using context and content. The architecture of the target system is presented in 
Section 3.5, and Section 3.6 discusses ethical issues. Finally, the discussion of the research 
questions is presented in Section 3.7 and Section 3.8 concludes the article by describing 
future work. 

3.2 Reminiscence and life story 
Reminiscence has been described as “dwelling on the past and as retrospection, both 
purposive and spontaneous” [11], “the act or process of recalling the past” [12], and “the 
remembered past” [13]. Remembering the past helps any person in re-examining life, 
recalling past activities and accomplishments, pursuing remote memories, and seeking 
personal validation. This brings new awareness to the present and a sense of control over 
their past, present and future [9]. 

For persons suffering from dementia, memories can be confused and disconnected while 
accompanied by difficulties of experiencing wholeness and meaning [14]. Persistence of 
self across time can be maintained, despite the cognition and memory problems in 
dementia, through i.e., cognitive socialization, especially if done together with others [15]. 
Reminiscence processes can support persons with dementia to maintain a life story and 
thereby maintaining the self [16]. The reminiscence interventions described in literature 
varies in content and are often described as using personal photos, visual and verbal 
prompts, collection of verbal life stories, use of music, movements, and role plays [17]. 
Reminiscence methods include: 

• Reminiscence therapy involves the discussion of past activities and events with other 
persons, usually with the aid of tangible prompts such as photographs, daily life items, 
music and archived sound recordings. It is a frequent psychosocial intervention in 
dementia care which is highly rated by staff and participants [18]. It also helps in 
decreasing depression symptoms and in facilitating social involvement for persons 
[19]. 
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• Life review is a method for use in reminiscence processes that typically involves 
individual sessions, in which the participants are guided chronologically through life 
experiences, encouraged to evaluate them, and possibly to produce a life story book 
[18]. 

• Life story work is also a method used in reminiscence processes, which is a 
biographical approach in health and social care that gives persons the opportunity to 
talk about their life experiences [20]. 

The overarching aims of life story work are to help uncover or preserve the identity or 
personhood of the person with dementia, improve quality of life through the impact of 
being listened to, and to help staff better understand the person and to improve the 
provision of care [20]. Persons with dementia indicate appreciation for being in focus and 
valued as a person and that their psychosocial well-being is improved [8] [21]. 

There is, however, no evidence that life story work or other cognitive training methods can 
improve cognition and behavior for a person with dementia [22] [23]. A Cochrane review 
indicates positive effects of reminiscence work in general on quality of life and reduced 
depression, but that a robust conclusion is difficult to make due to the small size and 
relatively low quality of the few studies done [18]. Many studies on reminiscence 
interventions focus on persons in advanced stages of dementia and living in nursing home 
settings, but there are studies positively evaluating reminiscence work among persons with 
mild dementia [24]. 

3.3 Scenario 
This section describes a scenario featuring Lisa who is a woman suffering from mild 
dementia. A context-aware life-logging system was provided to Lisa to support her. A 
cognitive assistant, which is an application for accessing previously logged activities, 
persons, and places, was installed in her mobile device. Furthermore, a review client, which 
is an application for organising, sorting, and reviewing information that has been logged 
throughout the day, was installed in a touch screen computer at home. The scenario 
describes how the system can help Lisa throughout the day, and how reminiscence can be 
carried out by her together with her husband in order to support and maintain the life story. 

The scenario below describes how the cognitive assistant provides Lisa with real-time 
support, reminds her about her doctor’s name, past activities with him, and guides her on 
the way back home. The scenario also describes the review process where Lisa has the 
opportunity to recall past activities, and to rehearse important information she may want to 
remember in the future. In the reviewing process, Lisa is assisted by her husband who helps 
in naming activities and in adding details which are not automatically detected by the 
system. Reviewing activities in this way may help in building lasting episodic memories 
[15]; it makes it possible to recall past activities at a later time, and to connect fragmented 
memories from the past with activities, places, and persons in the present which help 
support the life story. 

Finally, the scenario shows that future activities can be added to the system and that the 
system could fill in significant life-log data and auto-recorded media at the time of the 
activity. Reminiscence processes are supported within the system through both the 
cognitive assistant (last activities with a known person, previous visit to a place, etc.) and 
the review client (rehearsing the day, recalling past activities, etc.). The goal with this 
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technology is to give the person with dementia the tools and information to support 
maintaining their life story through memories of important events, places, and persons that 
connects past with present. 

Lisa is on her way to the medical centre for her medical check-up. Today, she is meeting 
with Dr. Stefan, and as she sits down in the waiting room she is reminded of his name by 
the mobile device that has detected the doctor’s presence. While she is waiting she takes the 
opportunity to recall and review past activities where Dr. Stefan has been present. Lisa’s 
automatic camera attached to her chest transparently records images of her surroundings. 
Dr. Stefan asks Lisa if she is going to turn off the recording of images during the visit. – 
“Of course Stefan”, Lisa says, while pushing the big red button on the camera. When Lisa 
finishes the medical check-up and leaves, she picks up her mobile device again, and she 
starts following the navigation instructions given to her by the mobile to find her way home. 

At the end of the day, when Lisa is back in her home, she and her husband sit down to 
review the activities of the day. Collected data from her camera and mobile phone are 
automatically uploaded to the home computer and they start reviewing a suggested set of 
activities for the day (some were taken directly from her electronic calendar). Together, 
they select representative images for each of the different activities: a few images from the 
clinic, an image from the laundry room, and images from the dinner that Lisa had with her 
friends that day. Lisa watches the screen the entire time and sometimes asks to move back 
to repeat the names. 

Detected persons and places are already indicated by the review client, and Lisa’s husband 
helps her to add information about two of her friends. Once they are done with the review 
process, Lisa’s husband helps her add “Going to the day centre tomorrow 10:00–14:00”. 
They also add ‘day centre’ as a new place. Even though it would be possible to add the 
exact location of this place, Lisa’s husband decides that it is not necessary, since he will be 
accompanying her on this first visit, and the system will figure out the exact location during 
the activity. “I hope the others at the day care centre will not be too curious about Lisa’s 
memory support tool” he thinks. After reviewing the day, Lisa takes the opportunity as well 
to browse via her sister’s page to recall that dinner last week when her sister was there. 

3.4 Creating the life story 
Tulving suggested that our memories are stored as ‘episodes’ which are similar to story 
form [25]. Life story allows persons to share and communicate their experiences with 
others, and it also offers them the opportunity for reminiscence and reflection [26]. 
Recording the life of a person with mild dementia should be done without creating any 
burden for the person. 

3.4.1 Content and context logs 
Collecting data in context-aware life-logging systems to support reminiscence processes 
require two different logs: 

a. Context log: Any information that can be used to characterize the situation of an entity 
(person, place, or object) [27]. Equipment and sensors will record daily activities of the 
person with mild dementia. Sensors include, but not limited to, an image capturing 
sensor, Bluetooth detection sensor, and GPS. The data that are captured from those 
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devices will be filtered and aggregated by the system to detect the places that the 
person visited, the met persons, and the used objects throughout the day. 

b. Content log: In addition to the context log, recording daily activities will include 
content such as images, audio or even video.  

It is important to collect enough data to provide sufficient material for reviewing the 
activities at the end of the day. This may be problematic outside the home since the system 
has to rely on data collected by equipment carried by the person with mild dementia, while 
the system can collect data from a sensorised environment inside the home. However, 
context and content logs have different impact on reminiscence processes and memory 
recollection, so it is fundamental to collect proper logs of both and use them effectively to 
support memory recall. 

3.4.2 Life-logging entities 
Life-logging entities are memory concepts that capture the life in a detailed way. 
Information about these entities can be used to provide memory support for a person with 
mild dementia. An activity entity is a period of time with a specific purpose in daily life 
(e.g., shopping, going to medical centre). The idea is to actualize episodic memory by 
visualizing explicit links to related entities in the semantic memory of the person with mild 
dementia. 

Known persons and their relations to the person with dementia are significant as this 
provides contextual links to semantic memory. The place entity provides contextual links to 
other activities at the same location, and has annotations about the exact location and the 
significance of the place to the user. The places in a day are also helpful in partitioning the 
day into distinct activities based on the visited places. Items brought along are also 
significant entities indicating types of activities and modes of transport. 

Each entity can also be associated to recorded media describing them, which might help in 
training the semantic memory of a person with mild dementia. The authors’ hypothesis is 
thus that the main significant conceptual entities for forming a life-log are places visited, 
persons met, personal items brought along, activities, and recorded media. Forming life-
logs using these life-log entities has been supported by previous studies but the 
effectiveness of these life-log entities for building lasting episodic memory remains to be 
tested [28] [29]. 

Initial feasibility analysis indicates that modern mobile phones are capable of detecting 
places by using built in GPS (outdoors) or Bluetooth beacons (indoors), while persons and 
items can be sensed by detecting pre-registered Bluetooth addresses that have been used as 
tags. However, social practices of having Bluetooth enabled with a name that allows at least 
limited identification of the person are not in common use, so practical systems may need 
to promote such practices. Detecting significant new places can be done through social 
practices of naming stationary Bluetooth devices, or by location estimation through 
interpolation and hierarchical clustering of GPS data. Prototype recording devices like the 
Microsoft SenseCam and its upcoming commercial version ViconRevue can be used for 
automatic recording of images and some environmental data [30] [31]. There are early 
results on image-based extraction of context data and locations, although, the processing 
requirements are still preventing their use to provide real-time advice to users [20]. 
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3.5 Architecture 
A thought-through architecture is needed for the system that will capture the life-log and 
enable making annotations of significance to the person with mild dementia. The 
architecture focuses on support for reminiscence and having access to information about 
previous activities to support memory recollection. The authors combine results from 
previous context-aware system studies in a tool that can assist a person with mild dementia, 
indoors and outdoors. The authors extend previous work in life-logging by introducing a 
review client which use the reminiscence therapy method described in Section 3.2, and 
makes it possible to visualise the life-log as sets of non-overlapping activities that are 
mostly determined by the system. Moreover, a main goal for the target system is reducing 
the need for persons with mild dementia and their carers to manually associate recorded 
media and context with the activities. 

Figure 3.1 shows the data and operations flow for the intended memory support system. 
Each step is indicated by a letter to clarify the sequence of the data flow. Sensor data such 
as Bluetooth and GPS samples, and media such as images, are collected automatically by 
devices that are carried by the person, or present in the local environment (a). This requires 
the user to bring the relevant equipment and to have it turned on. The data will then be 
time-stamped and transferred to local storage in the home station computer (b). 
Transferring the data is done automatically as soon as the mobile device is connected to the 
home station (while simultaneously charging the device). When the person with dementia 
gets back home, an initial wireless transfer of data might occur so that the first unreviewed 
activity becomes quickly available in the home station. When the battery is running low, or 
at suitable times like lunch time, the user will be prompted to connect the mobile device to 
the home station. 
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Figure 3.1. The system architecture 

When collected data has been uploaded to the home station, it is processed (c) to detect life-
log entities from context data (locations, persons, and items) and to organize the content 
data into media collections (images, audio, and video). The life-log entities and media 
collections will then be automatically analyzed, filtered and clustered into activities, by 
time-correlating them (d). 
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After the data has been clustered into activities, the person with mild dementia, together 
with the carer, can review and adjust the activities and its associated memory entities and 
media (e). The carer can assist by selecting media items, adjusting titles and times of 
activities, naming places (if not already known), and naming persons appearing in the 
activities (if not already known). At this stage, the person with mild dementia also has the 
opportunity to recall the activities of the day, for reminiscence purposes or to possibly help 
build episodic memories. Figure 3.2 below shows a design of the activity review interface. 
It presents the person with mild dementia and the carer with a view of the activity with a 
preliminary selection of place, persons and media, based on the collected data. The user can 
review the activity, choose relevant media, change the representative image, and also 
specify the place and present persons. The last step in the data flow is to let the person with 
mild dementia later recall the activities, and receive pro-active advice based on past, current 
and known future context (f). 

 
Figure 3.2. The activity review interface 

The user interface in the review client is intended to be extremely simple and intuitive to 
use. It involves very few steps and offers only a few selectable options to make it easier to 
operate, even for persons who are not very capable computer users. General decline in 
perception abilities of elderly persons and the prevalence of other disabilities must also be 
considered, applying universal design principles to create an inclusive interface. 

All context entities are stored and used in future review sessions, and they are also available 
for use in the mobile device to offer context-based association to past and known future 
activities. The mobile cognitive assistant is intended to support the person with mild 
dementia throughout the day. Figure 3.3 shows the main interface of the mobile cognitive 
assistant, which includes time indication, nearby persons indication, an indication of the 
next known activity, and an icon to access information about the current place. 
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Figure 3.3. The main interface of the mobile cognitive assistant 

Carefully designing a simple operation flow and ensuring that enough data is collected to 
automatically identify context entities is essential to enable daily routines of use that are not 
burdening the person with mild dementia or carers. Persons with mild dementia, often have 
problems operating advanced technology because of difficulties in remembering and acting, 
so it is must be determined which tasks can be handled by the person with mild dementia 
alone, and which tasks should be handled with the assistance of a carer. Also, the cognitive 
capabilities vary widely between persons and over time. The complexity of the interface 
and the information presented must be kept low, with consistent use of few and intuitive 
icons. Multi-modal indications and prompts will help persons with cognitive impairments 
trigger memories and action, and can compensate for any perception impairments. For 
example, image icons should be combined with text labels, and prompts should combine 
text, image and voice whenever these alternatives are available. 

With advanced algorithms it is possible to deduce activities from the life-log data. Many 
techniques have been proposed that can contribute to an effective method in recognizing 
activities, e.g., using context to search parts of recorded video [32], use of a wearable 
camera for capturing video and a sensor of brain waves [33], face detection and low level 
analysis of images [32] [34] [35] [36]. As a general rule, the more sensor data the system 
collects, the more accurate it can be in recognizing and classifying activities. The system 
presented in this article will initially detect activities based on: 

a. Time spent at each location, where the name of the location is assumed to give some 
information about the activity 

b. Time spent together with known persons (socialising). 
However, the authors believe it may be possible to train the system to more accurately 
detect specific activities that are relevant to the person with mild dementia. 

Advanced algorithms can filter out unwanted images and select a small set of likely 
candidates for images to keep. The aim is to reduce the total amount of images from a day, 
which could be well over 2000 images, to a small set of perhaps 50 images with good 
quality. This is achieved in a first step by filtering out black, blurry, and similar images. 
The clustering of collected data into activities also means that images that do not belong to 
any activity will not be seen. Another aim is to automate as much of the review process as 
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possible by automatically detecting life-log entities (place, person, personal item), and also 
to provide a default activity description based on these life-log entities, such as “You were 
in the park with Johan, then Jim joined you later on”. 

In addition to automatic capturing, it is essential to support manual adding of past and 
future activities to the life-story, with associated known place, persons, personal items and 
relevant media. Captured context and content for the set time period should be 
automatically added as soon as they are available (for past activities immediately, followed 
by reviewing the activity). As a special case, the time period of a past activity should be 
possible to set using the detailed location track in a map view, or by fast-forwarding 
through all images taken during the day. 

3.6 Ethical considerations 
Some authors have criticized the idea of intelligent environments and embedding 
technology in someone’s daily life. It has been said that the technology is a “feverish dream 
of spooks and spies to plant a ‘bug’ in every object” [37], and “an attempt at a violent 
technological penetration of everyday life” [38]. A system which automatically captures 
life-log entities and records the day is bound to capture some sensitive personal 
information. Such information could include sensitive conversations, sensitive images, and 
perhaps locations which the user might not wish to disclose. It is important to take 
necessary measures to limit privacy intrusion. However, balancing privacy and gain is an 
art, and will be highly individual. 

There can sometimes be unwanted side effects when using intelligent environments to 
compensate for cognitive impairments. The technology may, i.e., place the user in an 
unfamiliar situation which can be difficult to handle. For example, navigation tools may, if 
not properly adjusted, take the user into an unfamiliar environment. However, despite the 
risks the potential benefit of such functionality motivates a further evaluation of what 
benefits it can provide for persons with mild dementia. 

One very natural privacy function is the ability to turn everything off. However, it can be 
easy to forget to turn everything back on, so a function for turning things off for a short 
time is also helpful. This function is useful for when, e.g., going to the bathroom, while it 
may be more useful to turn everything off completely when attending longer meetings 
which should not be recorded. Context-triggered turn-offs will also be useful. 

Different media are more sensitive than others, which mean, it is important to consider 
what sensors are being used when recording the day. Location may not be so sensitive, 
depending on the granularity of the position, but audio can be highly sensitive [39]. Visual 
imagery may be more important for remembering, however, audio still provide a major 
benefit during reminiscence though maybe difficult and sensitive to review [40]. The audio 
may be of poor quality because of background noise, it may have captured conversations 
which the user was not aware of and which may be sensitive in nature, and audio contains 
more details of a conversation than, i.e., images. Taking the privacy of others featured on 
an audio recording into consideration it may therefore be wise not to record audio at all and 
instead focus on capturing images which can later be annotated by the user together with 
the carer. 

Images are very useful for reminiscence, but these can feature sensitive material as well. As 
previously mentioned, one way of reducing the number of privacy sensitive images is 
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simply to turn the system off. However, with proper training of image filtering algorithms it 
is possible to filter out some images with sensitive content, i.e., by matching the lighting in 
images to the specific lighting conditions in some bathrooms. However, state-of-the-art 
filtering algorithms are not perfect, but if the image material consists of over 2000 images it 
may be acceptable to be overambitious in the filtering process. After all, the goal is to limit 
the number of images which need to be reviewed at the end of the day. 

3.7 Discussion 
In Section 3.1, two challenges were listed. The first challenge “Which data and life-log 
entities are realistic and useful to capture to support reminiscence for a person with mild 
dementia?” has been addressed by surveying previous work and studies in the area. The 
result culminates in a system that utilizes the memory entities place, person, items, recorded 
media (e.g., images), and activities which are derived from other entities and user input. 
These entities can be captured by simple sensors which are readily available in mobile 
devices. 

When creating a life story for a person with mild dementia, the user should participate in 
giving meaningful names for the life-log entities; however, for some of the entities the 
system may be able to add such information automatically. For instance, when the collected 
data are transferred to the system by the end of the day, the system can create narrative 
threads, such as “You were in the park with Johan, then Jim joined you later on” to 
describe activities. Associating semantic meaning with the data will simplify the interaction 
between the person with mild dementia and the system, and it will improve the construction 
of the life story which will be used in reminiscence processes later on. 

The second challenge “How can reviewing and reminiscence of the day be simplified for a 
person with mild dementia?” has been addressed by describing an architecture of a context-
aware life-logging system. The data and operation flow has been designed to be easy to 
understand and operate for the person with mild dementia – it has to be. The gathering of 
data only requires the person with mild dementia to carry the data capture devices and make 
sure they are turned on. The system then aggregates collected life-log entities 
automatically, and organises them into separate activities. The vast amount of image data 
can be reduced by applying image filtering algorithms which sorts out black, blurry, 
unwanted, and similar images. 

The review client in the target system uses the reminiscence therapy method which was 
introduced in dementia care over 20 years ago. It is also based on the idea of letting the 
person with mild dementia review the activities of the day together with a carer. The carer 
can help in navigating the user interface as well as in filling some information that the 
person with mild dementia may have forgotten. Together, they can organise and sort the 
collected activities of the day so that these can be recalled later. The person with mild 
dementia can also choose to rehearse certain details that may be of particular importance in 
order to support and maintain the life story. This was indicated to be effective for building 
durable episodic memories in a study of Basset and Graham [15]. 

The previously discussed challenges post some technical and ethical challenges when 
providing a life-log system for reminiscence. The main technical challenge is in the activity 
recognition task. “Activity recognition is a key component for creating intelligent, multi-
agent systems” [41]. This recognition should be done automatically so that each day of a 
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person is divided into relevant activity blocks. It may also be useful to divide activities into 
sub-activities, such as talking to a friend on the phone while waiting for a doctor’s 
appointment. Ethical challenges when providing a life-log system for reminiscence are of 
course privacy, trust, and dignity. Neither of these have been the focus of this article, 
although some privacy considerations have been mentioned. Nevertheless, the authors 
acknowledge these important issues and propose to integrate existing security solutions into 
the architecture. 

3.8 Conclusions and future work 
In this article, we have described our hypothesis on which memory entities are significant 
for building life-logs. We have also reviewed the evidence that reminiscence processes are 
relevant to persons with mild dementia, and the viability of creating a semi-automated tool 
with a simple-to-use interface for carrying out reminiscence tasks. The target system 
provides real-time services and the possibility to recall past activities and plan future ones. 
The authors are working on the hypothesis that reviewing and recalling activities, in 
addition to the real-time services, will support memory of persons with mild dementia and 
improve the quality of their life. 

There are still a number of research areas which need to be addressed, such as creating 
advanced activity recognition and image filtering. Our challenging aim is now to develop a 
usable memory support system, and to perform naturalistic evaluation of our hypotheses in 
field tests with real users. The plan is to teach the users the system through expert assisted 
tutorials, video tutorials, and manuals. By providing information about activities throughout 
the day, even mundane and routine activities, we hope to help support the life story. The 
person with mild dementia, together with a carer, can then decide which information is 
worth keeping for the future. It is the hope of the authors that this, together with real-time 
support, will improve the quality of life for persons suffering from mild dementia. 
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Abstract. This paper presents two algorithms that enable the MemoryLane system to 
support persons with mild dementia through creation of digital life stories. The 
MemoryLane system consists of a Logging Kit that captures context and image data, and a 
Review Client that recognizes activities and enables review of the captured data. The image 
filtering algorithm is based on image characteristics such as brightness, blurriness and 
similarity, and is a central component of the Logging Kit. The activity recognition 
algorithm is based on the captured contextual data together with concepts of persons and 
places. The initial results indicate that the MemoryLane system is technically feasible and 
that activity-based creation of digital life stories for persons with mild dementia is possible. 

Keywords: life logging, life story, memory assistance, activity recognition, image filtering. 

4.1 Introduction 
The idea of creating digital life stories goes back to 1945 when Vannevar Bush envisioned 
“a device in which an individual stores all his books, records, and communications, and 
which is mechanized so that it may be consulted with exceeding speed and flexibility” [1]. 
In order to fulfill this vision, life should be logged and clustered in manageable 
shots/activities, so it will be available for reminiscence and later retrieval [2]. 

Reviewing images and written diaries are the most obvious examples for stimulating 
memory with past activities [3]. To support this stimulation through a digital tool, images 
should be collected during the day then clustered into activities. Therefore, activity 
recognition is the key component for achieving digital life stories. Moreover, clustering life 
into activities supports the idea of having a written diary in a digital format. It is also 
important to filter out images that do not give meaningful information rather than 
overloading the user with too many images to review. 

This paper discusses challenges in implementing activity recognition with image filtering, 
and it presents techniques that have been implemented in a tool and field tested by 4 
researchers and 4 users suffering from mild dementia. The tool logs personal context and 
content of a person, then recognizes a sequence of activities based on the visited places and 
persons met - a digital life story, and finally allows the user to review and adjust the 
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activities and related images, as a reminiscence process and to ensure suitable quality for 
later context-dependent retrieval. The research questions discussed in this paper are: 

1. How can the number of images presented to the user in a life logging system be 
minimized using filtering techniques? 

2. How can activities be automatically recognized based on context data, prior knowledge 
of places and persons, and a minimal set of equipment? 

The rest of this paper is organized as follows: In Section 4.2, state-of-the-art related work is 
presented. Section 4.3 discusses the Logging Kit, presenting image filtering techniques to 
be embedded within the system, that drastically reduces the number of images for the user 
to review. Section 4.4 discusses the Review Client, and it presents the activity recognition 
techniques and the learning mechanism for increasing the system’s understanding of known 
persons and places. The research questions are directly addressed in section 4.5, while 
section 4.6 concludes the paper and presents future work. 

4.2 Related work 
Several techniques have been proposed for an efficient method in recognizing activities. 
For instance, using context to search parts of the recorded video [4], use of a wearable 
camera for capturing video and a sensor of brain waves [5], face detection and low level 
analysis of images [6]. 

Annotating images with contextual data has been explored by several studies. For instance, 
the study done by Bisht et al. annotates an image with the location where it was taken, 
using a GPS device, based on time [7]. Most of the previous works have been using 
multiple devices and sensors, which results in having many sources of data, for building 
knowledge into the system. Intensive studies have recently been done by using a wearable 
digital camera called SenseCam, that periodically captures fish-eye lens images without 
user intervention [3] [8] [9] [10]. Onboard sensors in SenseCam are used to trigger 
additional image capture [3]. SenseCam reduces the need for equipment for a life logging 
system because of the built-in sensors. Byrne et al. used low-level features of SenseCam 
images to define high level semantic concepts such as eating, road, sky, office, etc [8]. 27 
semantic concepts have been evaluated for their relevance in accurate activity detection. 
This work provides significant knowledge about how content-based retrieval could be used 
to support clustering a day into activities. MPEG-7 and SURF have been used in 
combination with SenseCam device by Doherty et al. [10]. The sensor readings were fused 
and normalized to improve the representation of events. Evaluation showed the possibility 
of retrieving similar events over a longer time span. For instance, the user can retrieve all 
the events when she was sitting in a restaurant. The studies presented in [8] and [10] 
concentrated on using content-based retrieval to support event segmentation. The feasibility 
of using GPS data and Bluetooth MAC addresses to improve retrieval of similar events was 
successfully tested by Byrne et al. [9]. 

In MemoryLane, we have emulated some of SenseCam functionality by developing 
software for the Microsoft Windows based mobile device “HTC Touch Cruise”. This 
device has been used as a logging device worn around the neck to automatically capture 
images, Bluetooth MAC addresses and GPS data. The captured data are then transferred to 
a personal computer, where images are filtered automatically. We also extend previous 
work by introducing a Review Client, that clusters the collected data into activities with 
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identified places and persons that can be adjusted by the user, to semi-automatically form 
digital life stories. 

4.3 Logging Kit 
The Logging Kit consists of two parts: MobileLogger and LogSync. MobileLogger runs in 
the logging device, and it periodically logs GPS, Bluetooth MAC addresses, and Image 
data. LogSync is a computer application that transfers the logs from the logging device 
when it is connected to the computer. It also filters the images while transferring. 

The logging device was also given some add-on features; a temporary camera deactivator 
button and a manual shutter. The camera deactivation button disables image capturing for 
seven minutes, while playing a configurable voice message ”camera deactivated”. The 
manual shutter button captures an extra image while playing a shutter sound. GPS data and 
Bluetooth MAC addresses are logged and appended into separate XML files that are used 
later on for analyzing the day and clustering it into activities. 

The set of images is reduced by applying filters for dark and blurry images, and for 
eliminating sequences of similar images, then the remaining images after filtering are 
rotated as necessary to compensate for camera orientation. 

Dark images 
Dark images frequently occur when something obscures the camera lens, or due to low 
environmental lighting. To filter out dark images, LogSync computes the HSB (Hue, 
Saturation, Brightness) values of all pixels in an image. The image is considered too dark 
when the average brightness value is less than a threshold value of 0.2. The threshold value 
has been chosen based on observation, and it showed positive results in eliminating dark 
images. Preliminary user feedback confirms the effectiveness of the brightness filter. 

Blurry images 
Images captured can be blurry due to many factors, for example movement of objects in 
view, or movement of the camera itself while capturing. Lower camera resolution and 
movement of the person who is wearing the logging device results in more blurry images. 
Blurriness caused by movement is known as motion blur [11] or linear blur [12], and there 
are many techniques to identify and improve images suffering from these defects [11]. Our 
approach is to identify blurry images and filter them out without attempting to improve 
them. This ensures that only non-blurry images are presented to the user, and it also saves 
processing time. 

Motion blur that is caused by horizontal movement of objects can be applied to a non-
blurry image by implementing Gaussian blur [13] horizontally. It has been observed that 
when applying a small amount of Gaussian blur horizontally on an already horizontally 
blurry image, the image will change slightly. While applying the same amount of Gaussian 
blur horizontally on a non-blurry image will change the image significantly. Therefore, the 
adopted approach is to apply little horizontal blur on an image and compare the result with 
the original. The comparison method described later to check similarity is used here. If the 
computed similarity is equal or more than 99.7%, the image is considered as blurry. The 
users during the field test complained about having few images by the end of the day, so the 
value 99.7 should be reduced to make the system results in much more images. 
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In Figure 4.1 below, image (a) is originally captured by the logging device. A small amount 
of horizontal blur is applied on it, changing it only slightly (image (b)). When applying a 
small amount of horizontal blur on image (c), the result was image (d). Checking the 
similarity of (c) and (d) showed a result less then 99.7, so (c) is defined as a non-blurry 
image, while (a) would be automatically discarded as blurry image. 

 
 
Figure 4.1. (a) Blurry image (b) Same image “a” after applying a small amount of horizontal blur. 
(c) Non-blurry image (d) Same image “c” after applying a small amount of horizontal blur 
 
Similar images 
An activity can have long sequences of similar images. Therefore, efficient methods to 
check for image similarity are called for. To compare two images, LogSync compares their 
grayscale form using the MAE (Mean Absolute Error) method which is computationally 
cheap [14]. Images are considered similar if the MAE value is at least 90%. 

Groups of similar images are identified with the same group ID, and this is appended into 
an XML file. The first transferred image is given a “0” similarity percentage (no previous 
image to compare with). The similarity check is then applied on each pair of consecutive 
images, and the similarity values are appended into the XML file. If the similarity is less 
than 90%, a new group ID will be assigned to the transferred image. The system will assign 
the middle image of each group as a representative image of the group. The test during 
implementation showed that 90% is a reasonable value to define similarity between 2 
images. 

In Figure 4.2 below, images are taken during an activity and checked for similarity. Images 
“b”, “c”, and “d” are identified similar to “a”. 

 
Figure 4.2. Images captured during an activity and identified as similar 

4.4 Review Client 
The Review Client typically runs on a touch screen computer at home. It analyzes the 
transferred logs in order to cluster them into activities (based on context data), relates 
content data (images) to those activities, and presents the day to the user as a sequence of 
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activities in chronological order. GPS coordinates are used to detect places, while Bluetooth 
MAC addresses of nearby mobile devices are used to detect presence of persons. The 
Review Client basically creates digital life stories describing the life of a person based on 
visited places and persons met. 

4.4.1 Detecting Context 
The Review Client is limited by the resolution of the images captured by the logging 
device, for example creating difficulties in detecting the presence of faces. It is mentioned 
by Bisht et al. that using Bluetooth detection with face detection can improve the detection 
of persons’ presence, but this relies on high quality images [7]. Instead Bluetooth MAC 
addresses is the only source used to detect the presence of persons. The Bluetooth MAC 
addresses of mobile devices of known persons were added manually to the system. 

Known places were defined using polygons based on GPS coordinates. Some places are 
contained by other places. For example, a city can contain a neighborhood that contains a 
shopping mall. In case of overlapping, the system takes the sub-place to give more accuracy 
about the user location. Partially overlapping places were not evaluated. There are many 
sources that cause GPS position error such as few satellites, atmospheric delay, receiver 
noise and receiver clock errors [15]. During field testing, GPS errors occurred when the 
logging device was indoors with few detected satellites. The field test showed that places 
should be defined wider to combat GPS errors, and GPS data based on few satellites should 
be ignored. 

4.4.2 Analyzing logs 
After transferring the logs from the logging device, the Review Client analyzes the GPS 
data to identify the known places that the user visited during the day. It also analyzes the 
Bluetooth data to identify the known persons that the user met. After identifying the places 
and persons, the Review Client searches for time-based correlation resulting in activities 
“In a Place”, “With a person”, or “In a place with a Person”. In our first implementation, 
each distinct set of present persons is considered to belong to an activity. For instance, if 
the user spends time with Carlos and Johan, then Eva joined them later, two activities with 
two different times will be generated “With Carlos and Johan” and “With Carlos, Johan, 
and Eva”. 

The activity recognition algorithm identifies a single place (or no known place) for an 
activity, meaning that walking with Johan, for example, from Home to University will be 
shown as three different activities “Home with Johan”, “With Johan (on the way between 
home and university)” and “University with Johan”. While the previous example could be 
shown as “Home and University with Johan”, the priority was given to cluster activities 
based on places visited rather than on persons met. This means that the Review Client takes 
all the visited places as a main source to define activities, then relates all known persons 
who were present in those places during the visit, and finally considers situations when 
known persons where met in unknown places. 

After clustering activities, the Review Client adds the captured images to the activities that 
coincide with the time when the images were captured. The Review Client presents the 
activities of the day in chronological order. A subject heading of each activity is generated 
automatically based on detected context data during the activity (places and persons), and 
the middle image taken during an activity is proposed as the representative image for the 
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activity. Activities will thus be automatically annotated with information about subject, 
representative image, place, persons, and captured images. 

4.4.3 Adjusting activities 
When reviewing the activities of the day, the user can adjust context and content data or 
even discard unwanted activities. This will empower the user and improve the accuracy of 
the saved activities. For instance, the user can change context data, or skip some of the 
images taken during an activity. 

It is also possible to add new context data to the system. In case of adding a new place, the 
user has to choose an image for that place and enter some relevant information, then the 
Review Client will search for the closest detected GPS location when that image was 
captured. Based on that GPS location, a polygon will be created around this point, and the 
place will become a known place. Adding persons is done in a similar way by choosing an 
image and entering relevant information for that person. When adding a person, the right 
Bluetooth MAC address for that person is typically not well-defined since many devices not 
related to that person could have been detected at that time. A newly added place will 
therefore be detected if the user visits it again, while a new added person will not be 
detected if the user meets this person again. However, new added persons and places will 
appear as known context data in the system, and the user can manually relate them to any 
activity. 

4.5 Discussion 
How can the number of images presented to the user in a life logging system be minimized 
using filtering techniques? 

Brightness, blurriness, and similarity filters can be embedded within the life logging system 
to reduce the number of the images, see section 4.3. Those filters are implemented 
sequentially to avoid extra operations within the system. The brightness filter will be 
applied first, discarding all images that are too dark. A blurriness filter is then applied, 
keeping only images that are of good quality. The remaining images are then compared to 
each other sequentially and clustered in groups based on similarity, then the system picks 
up the middle image from each group. 

Our implemented approach helps in eliminating bad quality images and avoids keeping 
similar images. The filters work unobtrusively during transfer of images from the logging 
device to a personal computer. 

How can activities be automatically recognized based on context data, prior knowledge of 
places and persons, and a minimal set of equipment? 

Relying solely on context data in recognizing activities enables use of a single logging 
device. A logging device that periodically logs GPS, Bluetooth MAC addresses, and images 
data enables identification of places, and persons’ present. Digital life stories based on 
visited places and persons met with associated images might be used to support memories 
of past activities, or at least make possible to later retrieve of the captured data based on 
context. 

Known places and known persons need to be configured into the system in order to 
automate the activity recognition and to reduce intervention by the user side in creating the 
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life story. Having places and sub-places helps specifying the exact place, while ensuring 
that recognized activities can always be associated at least with the current city. While a-
priori knowledge of relevant places for the user is helpful, the system can learn new places 
as the user adds them relating them to images captured during the visit. 

Automation and unobtrusiveness keeps the interaction between the user and the system 
simple and efficient. However, the Review Client also provides easy-to-use interfaces 
allowing the user to manually navigate, adjust or discard activities. 

Field testing has yielded positive user feedback on the perceived usefulness of a limited 
implementation of such a system. 

4.6 Conclusions and Future Work 
The algorithms for image filtering and activity recognition have been implemented in a 
prototype system that successfully captures context and content data and organizes it into 
activities forming digital life stories. Initial results indicate that the MemoryLane system is 
technically feasible and that activity-based creation of digital life stories for persons with 
mild dementia therefore is possible. 

The next stage of our work is to improve the detection of persons’ presence, relying not 
only on Bluetooth MAC addresses. Improvements to the clustering algorithm are also 
needed to increase the accuracy of the system, and to enable the system to automatically 
recognize new contextual data (places and persons). 
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Abstract. Lifelogging techniques help individuals to log their life and retrieve important 
events, memories and experiences. Structuring lifelogs is a major challenge in lifelogging 
systems since the system should present the logs in a concise and meaningful way to the 
user. In this article the authors present a novel approach for structuring lifelogs as places 
and activities based on location data. The structured lifelogs are achieved using a 
combination of density-based clustering algorithms and convex hull construction to identify 
the places of interest. The periods of time where the user lingers at the same place are then 
identified as possible activities. In addition to structuring lifelogs the authors present an 
application in which images are associated to the structuring results and presented to the 
user for reviewing. The system is evaluated through a user study consisting of 12 users, 
who used the system for 1 day and then answered a survey. The proposed approach in this 
article allows automatic inference of information about significant places and activities, 
which generates structured image-annotated logs of everyday life. 

Keywords: activity recognition, activity inference, lifelogging, clustering algorithms, SenseCam, 
GPS. 

5.1 Introduction 
Lifelogging is the act of digitally recording aspects and personal experiences of someone’s 
life. Some persons are interested in logging their life’s activities for fun, medical purposes 
or diary applications [1]. It is important for many individuals to retrieve moments and 
events such as trips, weddings, concerts, etc. Reminiscing previous events among a group 
of persons not only helps in remembering those events, but it also creates tighter social 
bonds and improves relationships among them [2]. Aiding memory is also one of the 
benefits that persons gain by logging their life. For example, a lifelogging system can be 
used as an external memory aid that supports a person with memory problems by using 
reminiscence therapy [3]. In reminiscence therapy the user reviews and talks about the day 
with someone, such as a carer. The review and discussion act both as a social activity and 
as assistance for the user to remember. For this purpose, and to improve events retrieval 
using lifelogging in general, lifelogs need to be properly structured. Structuring lifelogs is 
the primary issue being addressed in this article. 
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A natural way to structure lifelogs is in the form of activities; for example having lunch, 
sitting in the park, shopping, attending a seminar, etc. This structuring requires techniques 
for reasoning and inferring of activities from the logged data. The logged data is part of the 
lifelogs and the granularity, as well as the types of data, can vary. However, the basic 
context should be captured to infer activities. This basic context have been analysed and 
identified as identity, location, activity and time, where locations and activities are of 
special importance [3] [4]. Context data could be captured by mobile devices carried by the 
user such as wearable sensors. It is good, however, to use a single mobile device when 
logging, as the number of devices the user needs to carry should be kept to a minimum.  

Just structuring data into activities based on context may not be sufficient for efficient 
retrieval and to support persons reviewing their life experiences. Both context (e.g. time, 
locations and places) and content (e.g. images) need to be aggregated and segmented into 
the activities and be given semantic meaning. In previous work the authors have explored 
using known places to create this semantic meaning [3]. However, this approach is limited 
to predefined places. A desired solution would be finding places of importance and then 
inferring activities automatically. In this article the authors introduce an approach to detect 
new places and then infer activities automatically relying solely on time-stamped location 
data. Location and time are rich and easily accessible sources of context information that 
are relevant to find places of importance, where the user spent significant time. Being for a 
period of time in a significant place might be an indication of some activities happened in 
the place. The first problem that the article addresses is: “How can places of importance be 
recognized and activities be inferred based on location data and time?”  

Once lifelogs are segmented into activities, they can be annotated with content, such as 
images and descriptions. Images play a vital role in enriching the logs and in supporting 
reminiscence processes in a lifelogging system [5] [6]. Images can be captured 
automatically by purpose-built devices (e.g. SenseCam which is further described in 
Section 5) or by a smart-phone carried in a way that allows it to capture images. However, 
the information and the images still need to be presented to the user in a way that takes 
advantage of the structured lifelogs. The second problem that this article addresses is: 
“How can structured lifelogs be presented so the user can review and retrieve the life 
experiences?” 

The rest of this article presents the work done to address the problems listed in the 
introduction and is organized as follows: section 5.2 shows what algorithms have been used 
in this work to recognize new places. The calibration of the chosen place recognition 
algorithms is presented in section 5.3. Section 5.4 discusses the algorithm that has been 
used to infer activities. The development and deployment of the prototype application, 
which organizes the logs and presents them to the user, is the topic of section 5.5. Section 
5.6 presents the user evaluation of the proposed system. Section 5.7 discusses the research 
questions and section 5.8 presents some of the related work. Finally, section 5.9 concludes 
the paper and presents the future work. 

5.2 Recognizing Places of Importance 
One of the problems addressed in this article is how to recognize places of importance for 
the purpose of structuring lifelogs. This is important because the places persons visit 
contain hints towards the activities taking place. In fact, time-stamped location data can be 
used to recognize relevant places, and then infer activities based on identified places and 
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time. In practice, areas where the user spends a significant amount of time can be seen as 
important locations or as activities done by the user at a specific location. One of the 
common approaches for discovering interesting patterns and data distributions from 
location data is density-based clustering algorithms [7] [8]. For instance, these algorithms 
can infer information of areas where the user spent significant time when having location 
data logged by a mobile sensor carried by the user [9] [10].  

The proposed Place Recognition Algorithm relies on GPS points as a source of location 
data. The adopted approach is depicted in Figure 5.1 below and works as follows: 

1. Raw time-stamped location data are used as an input for the approach. 

2. Location data are clustered to identify places. 

3. A convex hull is constructed over each cluster to estimate the geographical boundaries 
of the place. 

 
Figure 5.1. New Places Recognition – Action Flow 

The aim of the clustering algorithm is to identify places of importance to the user, which 
are previously unknown in the system. These places can be confirmed and labelled by the 
user while reviewing the lifelogs. If the user confirms a place, the system will add the 
coordinates that correspond to this place and define the place as a known one. The 
algorithm compares each GPS point with all previously known places. If the point belongs 
to a known place, the algorithm will remove it from the input set, but keep it for inferring 
activities later on. If the point does not belong to a known place, the algorithm will keep it 
in the input set for clustering. The GPS points in the input set are then clustered and 
aggregated regardless of time. Such clusters are signs of places where the user spent 
significant time. For example, the user might go to the office at different times of the day 
but the place is still the same. 

The following requirements should be taken into consideration when choosing the 
clustering algorithm: 

• The number of clusters is initially unknown. Different users have different numbers of 
visited places. The user can also visit a place that is never visited before. Algorithms 
which have pre-defined number of clusters will consequently not work in that case. 

• Some GPS points might not correspond to a significant place for the user. For instance, 
the user might walk home from the working place. The location data, captured on the 
way home, do not belong to a significant place. The clustering algorithm should 
therefore allow a point not to be a part of any cluster. 

• The algorithm should be noise-tolerant and resistant to outliers. Even though GPS 
points correspond to the user’s position, outliers can appear when the user is inside a 
building when there are not enough satellites detected. These outliers should be 
identified as noise. 
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Density-based clustering algorithms satisfy all the aforementioned requirements. Two 
algorithms of density-based clustering approach were used in this work: Density-Based 
Spatial Clustering of Applications with Noise (DBSCAN) [7] and Ordering Points To 
Identify the Clustering Structure (OPTICS) [8]. OPTICS can be viewed as extension of 
DBSCAN. While DBSCAN provides faster runtime clustering, OPTICS supplies the 
developers with additional analysis tools and better visualization of the results [8]. 
Therefore, DBSCAN was implemented to cluster location data and then OPTICS-based 
analysis was used for algorithm configuration and parameters adjustment. 

After the clusters are identified, the system constructs the convex hulls to estimate the 
geographical boundaries of the places. The convex hull of a set of points Q is the smallest 
convex polygon P for which each point of Q is either on the boundary of P or in its interior 
[11]. It is usually assumed that points in the set Q are unique and that Q contains at least 
three points that are not collinear. Rubber band analogy is often used for better 
understanding. Each point in Q is considered as being a nail sticking out from a board. The 
convex hull is then the shape formed by a tight rubber band that surrounds all the nails [11]. 
Figure 5.2 below illustrates the view of the place clusters after implementing DBSCAN 
over the location data and constructing the convex hull. 

 
Figure 5.2. Recognized places 

5.3 Calibrating the Place Recognition Algorithm 
Algorithms like the aforementioned density-based clustering algorithm have parameters 
that should be set in advance. Therefore, the parameters’ values should be calibrated and 
tuned so the algorithm produces a minimum number of errors. 

DBSCAN algorithm uses two parameters: the Radius, the range around a point where other 
points in that range are considered neighbours, and MinPts, minimum number of 
neighbours that a point needs in order to not be declared as noise. After setting the 
parameters, the algorithm forms clusters using the density of local neighbourhoods of 
points. This is done by selecting a point and then assigning all the points within its Radius 
(high destiny neighbours) to the same cluster. This approach is repeated for all the points 
resulting in many clusters with different arbitrary shapes. All points that do not belong to 
any cluster are considered noise. 

A suitable set of parameters is the set that results in fewer numbers of place recognition 
errors. In order to evaluate the number of place recognition errors that correspond to 
different parameter sets, real-life data were collected and labelled manually, the possible 
error types were defined and then the performance of different parameter sets was estimated 
with respect to the identified error types. 
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5.3.1 Data Collection 
A Windows Mobile application has been developed to log GPS tracks periodically every 30 
seconds. If there are no satellites detected when logging, the application will do nothing and 
wait another 30 seconds to look for satellites. When connecting the logging device to a 
computer, the application transfers the logs as an XML file that contains longitude, latitude, 
logging time, speed, and number of satellites. The application then deletes the logs from the 
logging device so they do not interfere with new logs. Three users have done the data 
collection over a period of six months. The users were asked to carry a mobile device, with 
the application installed, during the day. By the end of the day, the user connects the mobile 
to a computer to transfer the logs.  

Relying on time-stamped GPS data has some limitations. Firstly, GPS data might be noisy 
and not accurate if few satellites were detected when logging the location. To overcome this 
limitation, the logged GPS data with less than 4 satellites are ignored. Having 4 satellites or 
more showed good results when doing manual analysis. Blocking the view of the GPS 
receiver by another object is another limitation. This happens sometimes when the user has 
keys, for instance, together with the mobile device in the same pocket. This case results in 
missing some location data or having noisy data. During the data collection period, the 
users were advised to not have any other object next to the mobile device to reduce the risk 
of blocking the access to satellites. 

The users were also involved in the evaluation process of the parameters to ensure that the 
algorithm’s results correspond to significant places. 

5.3.2 Error Types 
Manual analysis of the collected data revealed that there are 4 types of possible errors: 

1. The algorithm detected a cluster that does not correspond to any real-life place. The 
impact of this error is the least severe of all four. It is possible for the user to manually 
fix this by discarding this cluster when reviewing the lifelogs. This kind of error can 
also result in detecting non-existent activities on later activity inference steps, but this 
can be also fixed when reviewing the logs. However, this problem can still result in 
distraction and waste time for the user. The amount of errors of this kind tends to grow 
with increasing the Radius or with decreasing MinPts. 

2. The algorithm merged two places into one. This problem causes distraction to the user 
and it can disrupt the activity inference process. The number of errors of this kind tends 
to grow with increasing the Radius or with decreasing MinPts. 

3. The algorithm separates one place into two different ones. This problem is opposite to 
the previous one. The number of errors of this kind tends to grow with decreasing the 
Radius or with increasing MinPts. 

4. The algorithm did not detect an essential place. This error type is the most serious one 
because the activities in that place will be lost as well. The number of errors of this 
kind tends to grow with decreasing the Radius or with increasing MinPts. 



 

 

Structuring and Presenting Lifelogs based on Location Data  

70 

5.3.3 Parameter Values 
25 randomly chosen logs were analysed to determine the best parameter values of the 
DBSCAN algorithm. Each log has data collected during one day. Logs were manually 
analysed and essential places were identified based on observation.  

The DBSCAN algorithm has been implemented using JavaScript and the results have been 
shown through a web application and manually processed to identify errors of different 
types. The application shows a map with all collected points during the day on the left side, 
and the clustering results after applying DBSCAN based on the Radius and MinPts on the 
right side. Figure 5.3 below presents part of the results when running DBSCAN on one 
selected log with 20 meters as a Radius and 3 points as MinPts. The points that are marked 
by 1 belong to one cluster while the points that are marked by 2 belong to another cluster. 

 
Figure 5.3. DBSCAN implemented in a web application 

Different reasonable values of the Radius and MinPts were tested to find out what errors 
they produce. For each log, the following parameters sets were considered: every possible 
MinPts from 2 to 20 with the step of 1, combined with every possible Radius from 5 meters 
to 60 meters with the step of 5. The aforementioned trends of errors (error types in section 
5.3.2) allowed finding the best values without checking all the combinations of every 
MinPts with every Radius. Those heuristics significantly reduce the number of parameter 
combinations for manual testing, and practically allow to check just ~10-50 parameter 
combinations per log. The aim is to find the minimum values of MinPts and the Radius that 
result in fewer numbers of errors for each log. The priority is to reduce the errors of type 4 
when the algorithm does not detect essential places. After determining the best values for 
each log, the average of those values is calculated to find out a representative value for the 
whole set of logs. Table 5.1 shows the best combination for minimum values of the Radius 
and MinPts for each log followed by the average values. 
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GPS Log# MinPts Radius (meters) 

1 4 35 

2 3 40 

3 2 40 

4 3 25 

5 3 35 

6 2 50 

7 4 40 

8 3 25 

9 2 35 

10 4 30 

11 3 45 

12 4 50 

13 5 45 

14 5 40 

15 2 25 

16 3 35 

17 5 40 

18 3 50 

19 3 45 

20 5 40 

21 2 60 

22 3 35 

23 4 30 

24 3 40 

25 2 45 

Average 3.28 39.2 

Table 5.1. Summarization of the logs analyses 

The average value for MinPts is 3.28, while it is 39.2 for the Radius. Since increasing 
MinPts might result in increasing the number of undetected places, the value 3.28 is 
rounded to 3. Thus the parameter values that yield the best results for the DBSCAN 
algorithm are: 3 for MinPts and 39.2 meters for the Radius. 
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As an additional method of parameters adjustment the OPTICS algorithm was used [8]. 
OPTICS operates with the same parameters as DBSCAN, but while MinPts should be 
specified manually, the neighbourhood radius can be adjusted by the analysis of 
reachability plots. The plots visualize the structure of clusters and sub-clusters. Analysis of 
OPTICS reachability plots can confirm the values of the DBSCAN parameters. The 
analysis also gives an indication of how stable the clustering approach is. To perform 
OPTICS-based analysis, the WEKA toolkit was used [12]. WEKA is a machine learning 
software that has a collection of visualization tools and algorithms for data analysis and 
predictive modelling.  

Two sample reachability plots are depicted in figure 5.4. Reachability plots (a) and (b) 
correspond to two different GPS logs chosen out of the 25 logs of testing. MinPts is set to 3 
and the green threshold lines correspond to the Radius value of 39.2 meters. The plot areas 
below the threshold line correspond to clusters. In the reachability plot (a) there are 4 
clusters, while there are 5 clusters in the reachability plot (b). This visualization can 
identify how significant change of the neighbourhood radius is required to obtain different 
clustering results.  For example, the leftmost cluster of the figure 4 (b) would have been 
recognized as 2 separate clusters if the neighbourhood radius is set below 35 meters. If the 
reachability plots contain many values near the threshold, it means that the clustering is 
unstable, and the number and the structure of the clusters can be heavily influenced by 
random fluctuations in GPS measurements. The analysis of reachability plots allowed the 
authors to conclude that for the vast majority of the testing samples it takes significant 
change of the neighbourhood radius to alter the clustering results. Therefore, the chosen 
parameter values provide stable clustering and low sensitivity to random factors. 

 
Reachability Plot (a). The green line represents the threshold value of the Radius 39.2 meters. 4 
clusters are recognized (the white areas below the threshold) 
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Reachability Plot (b). The green dashed line represents the threshold value of the Radius if it is 
changed from 39.2 meters to 35 meters. The leftmost cluster will be recognized as 2 clusters. 

Figure 5.4. Reachability Plot visualization when using OPTICS 

5.4 Inferring Activities 
Once places of importance have been identified then they can be used to infer activities. To 
reason about activities, the following properties of an activity are identified: 

1. An activity occurs at a place. The place can be a new one, which was just obtained by 
the place recognition algorithm, or a previously known one for which the geographical 
boundaries are known. This property leads to several important consequences: 

• The GPS points that correspond to the same activity are defined as a subset of the GPS 
points that correspond to the same place. This reduces the scope of the algorithm from 
the entire set of GPS points to just points within places. 

• If the user leaves a place, even for a short time, the activity is interrupted. This 
consequence can help in distinguishing several activities that happened in the same 
place at different times. 

2. An activity takes a certain amount of time. 

Based on these properties, a set of GPS points is an indication of an activity if:  

• The points belong to the same place. 

• The points are sequential in time. 

The main idea of the activity inference algorithm is to decompose all place clusters into 
sub-clusters that do not overlap with each other in time. Place cluster refers to the set of 
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GPS points within the place. Overlapping occurs when the user leaves place A, for example, 
to place B then comes back later to place A. For instance, the user spends time in the office 
from 8 AM to 1 PM, goes to a restaurant for lunch from 1 PM to 2 PM, back to the office 
from 2 PM to 5 PM and finally goes to the same restaurant from 5 PM to 7 PM for dinner. 
The timeframe of the GPS points captured when being in the office will be from 8 AM to 5 
PM while the ones captured when being in the restaurant will be from 1 PM to 7 PM. 
Decomposing the office cluster and the restaurant cluster into sub-clusters that do not 
overlap in time will result in 4 sub-clusters that represent 4 different activities: 

• From 8 AM to 1 PM (being in the office) 

• From 1 PM to 2 PM (being in the restaurant) 

• From 2 PM to 5 PM (being in the office) 

• From 5 PM to 7 PM (being in the restaurant) 

To identify activities that happened at certain places based on the definitions in this section, 
the following algorithm has been introduced. For any place A, the earliest captured GPS 
point at this place is marked as A.begins, and the latest captured GPS point at this place is 
marked as A.ends. The fact that GPS points are naturally ordered by time makes calculating 
the timeframe easy. Clusters that correspond to the visited places are added to the input set 
of the activity inference algorithm. 

Algorithm: 

1. Take the first element of the input set (and remove it from the set). Let it be cluster A. 

2. Search through the entire remaining parts of the input set. Search goes on until we find 
another element whose timeframe overlaps with the timeframe of A. Let it be cluster B. 

3. If no overlapping cluster can be found: 

3.1. Add cluster A to the result set. 

3.2. If the input set is not empty, go to step 1. 

3.3. If the input set is empty, go to step 5. 

4. If an overlapping cluster can be found: 

4.1. Remove cluster B from the input set. 

4.2. Order the following points in time in ascending order: A.begins, B.begins, A.ends, 
B.ends. Let's refer to the ordered time variables as time1 ≤ time2 ≤ time3 ≤  time4.  

4.3. Add to the input set the following sub-clusters of cluster A: 

           1) Sub-cluster within timeframe [time1, time2] 

           2) Sub-cluster within timeframe [time2, time3] 

           3) Sub-cluster within timeframe [time3, time4] 

4.4. Add to the input set the following sub-clusters of cluster B: 

            1) Sub-cluster within timeframe [time1, time2] 

            2) Sub-cluster within timeframe [time2, time3] 
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            3) Sub-cluster within timeframe [time3, time4] 

4.5. If the input set is not empty, go to step 1. 

5. End the algorithm and return the result set. 

Output: a set of sub-clusters that do not overlap in time, each sub-cluster represents an 
activity. 

The final timeframe of an activity can be obtained in a straightforward manner after the 
GPS points are attributed to activities; the time between the earliest point and the latest 
point of the activity. If a sub-cluster contains only one GPS point (lets refer to this only 
point as P), then the timeframe for this activity is counted as follows: 

• If the sub-cluster is the earliest one, the timeframe of the activity is counted as the time 
between P and the next collected point after P. 

• If the sub-cluster is the latest one, the timeframe of the activity is counted as the time 
between P and the previous collected point before P. 

• If the sub-cluster is not the earliest or the latest one, the timeframe of the activity is 
counted as the time between the previous collected point before P and the next 
collected point after P. 

Figure 5.5 below illustrates the view of activities after decomposing Place 1 (which is 
shown in figure 2) to sub-clusters that represent activities.  

 

 
Figure 5.5. Recognized activities within a place 

The user can label the activities when reviewing the logs. For instance, having meeting in 
the office, or working on the computer in the office. Those are 2 different activities that can 
be labeled differently even though they happened in the same place. 

5.5 Implementation and Deployment 
For lifelogs to be useful they need to be structured and presented to the user in a way that 
will give a good overview of content and data. The proposed solution for structuring 
lifelogs is to identify places of importance, infer activities, and then associate images with 
the places and the activities. A prototype application to demonstrate how this could be 
done, used with six months’ worth of captured lifelog data, is therefore presented in this 
section. 
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The prototype consists of mobile devices for capturing images and contexts, and an 
application for reviewing the gathered data. The mobile device for capturing images that is 
being used in this prototype is called SenseCam, which is depicted in Figure 5.6 below. 

 

Figure 5.6. SenseCam worn around the neck 

SenseCam is a wearable digital camera, which keeps a digital record of the activities that 
the person experiences [13] [14] [15] [16]. All recordings are automatically logged without 
the user’s intervention and therefore without any conscious effort [14]. SenseCam contains 
a number of different electronic sensors which can be used to collect data for the lifelogs: 
light-intensity and light-color sensors, a passive infrared (body heat) detector, a temperature 
sensor, and a multiple-axis accelerometer. Certain changes in sensor readings can also be 
used to automatically trigger a photograph to be taken [17] which helps capturing things of 
significant importance. SenseCam does not feature a GPS sensor, so location data was 
instead captured by a smartphone, synchronized with the SenseCam.  

When connecting the two devices, the SenseCam and the smartphone, to a computer with 
the prototype application installed, the system performs the following steps: 

1. Transferring the logs in the form of XML. The logs consist of time-stamped GPS data 

and time-stamped images. 

2. Analyzing the GPS data to identify periods of time where the user visited known places 

during the day. 

3. GPS points that do not correspond to any of the known places are aggregated, using the 

DBSCAN algorithm, into clusters that represent new places. The Radius is set to 39.2 

meters and MinPts is set to 3. 

4. Inferring activities based on the places using the method presented in section 4. 

5. Associating SenseCam images with the recognized places and the inferred activities 

based on time.  

6. Showing the results on the main interface in a chronological order. 
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The prototype application associates SenseCam images with auto-recognized places and 
inferred activities. The middle image of each group of images that belongs to a place or to 
an activity is chosen as a representative image. When reviewing, the application shows not 
only the images, associated with places and activities as content, but also the location 
context data. This can improve the reviewing process as it combines context with content 
data. Figure 5.7 below shows the main interface of the application after transferring the logs 
of one day. This interface consists of 2 columns, where one column presents places and the 
other one presents activities. 

 
Figure 5.7. The main interface of the lifelogging application 

5.5.1 Reviewing Places 
Figure 5.8 shows the place page when reviewing. When reviewing a place, the system 
shows the constructed convex hull from the GPS points that correspond to the place. In 
addition, SenseCam images that have been captured when the user was in the place are 
shown.  

The user can choose a representative image for the place using the available SenseCam 
images. The user can also upload own images from an external source. If the user confirms 
the place, the system will save the chosen image as the representative one together with the 
coordinates that correspond to this place. Thus the place will be known and detected 
automatically by the system if the user visits it again. As the user continues to review the 
data, more places will be added to the list of known places of importance. This will 
improve the system’s knowledge of important places, which will increase the level of 
automation in detecting the user’s movements. 
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Figure 5.8. Reviewing a place within the lifelogging application 

5.5.2 Reviewing Activities 
When reviewing an activity, the system presents all SenseCam images that have been 
captured during that activity. The system also shows all the GPS points that correspond in 
time to this activity on a map. It is possible for the user to choose certain images to 
associate with the activity among the whole set of images. Figure 5.9 below shows the 
activity page when reviewing. 

 
Figure 5.9. Reviewing an activity within the lifelogging application 
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Reviewing activities differs from reviewing places in the following aspects: 

• It is possible to annotate an activity with many images, while a place can be annotated 

only with 1 image. 

• The coordinates that correspond to an activity will not be saved in the system if the 

user chooses to save the activity. 

• All the activities that happened in a place will be associated with this place for later 

context-dependent retrieval. 

Saved activities can be retrieved later based on date/time or places. This means that the user 
can recall all the activities that happened at a certain time or in a certain place.  

5.6 User Evaluation 
5.6.1 Participants 
To evaluate the implemented lifelogging application, the authors asked 12 users to carry the 
equipment for 1 day. 6 males and 6 females took part in the evaluation and their ages 
ranged from 22 to 43, with a total average age of 28.2. Each participant carried the mobile 
device (to collect GPS data), and wore the SenseCam around the neck (to capture images 
automatically). The data was then transferred to a stationary computer and presented 
through the lifelogging application to the participants. The users were asked to pick a day 
where they have a plan to move around and do different activities. Each participant 
reflected the experience of using the system by answering a survey.  

5.6.2 Results 
The survey contains 13 questions. The questions were designed to give an overview of the 
participants’ satisfaction of the application. This includes what each participant thought of: 

• The place recognition results 

• The activity inference results 

• Presenting the results on a map 

• Having places and activities annotated with SenceCam images 

For each question, the average value that represents the answers of the 12 participants was 
calculated to give an overview of the results. The participants were first asked about how 
many places they were expecting to see as significant ones based on their day. The number 
of the expected places ranged from 2 to 6 and the average value of the expected places for 
all 12 users was 3.7. After processing the data through the lifelogging application, the 
participants looked at the place recognition results and see how many significant places 
were recognized correctly. The average value of the correctly recognized places for all 12 
users was 3.5. This means that the application could recognize significant places with an 
accuracy of 94% (3.5 out of 3.7).  

In very few cases, the application recognized several important places as one, or recognized 
something irrelevant. However, the participants considered this point as a minor one. In 
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addition, the application never recognized one important place as several ones for any of 
the participants. 

All the questions that reflect the participants’ satisfaction were ranked from 1 to 10, where 
higher value indicates better result. Showing the GPS data on a map was helpful in 
recognizing the place by the participants with an average satisfaction value of 9.4 out of 10. 
The users gave a positive opinion as well regarding associating SenseCam images to the 
recognized places with an average value of 9. The overall satisfaction with the place 
recognition results was 8.9 out of 10.  

Regarding the inferred activities, the participants were first asked if the activities made 
sense to them, and the average satisfaction result was 8.5 out of 10. Associating SenseCam 
images to activities was more helpful than associating them to places with an average value 
of 9.5. However, the overall satisfaction of the activity inference results was less than the 
satisfaction of the place recognition results with an average value of 8.3 out of 10. 

Participants indicated that it is hard to recall activities without looking at the SenseCam 
images with an average value of 7.9. All participants found it very helpful to have auto-
captured images to recall all the details of the day.  Finally, the overall satisfaction of the 
whole lifelogging application was 8.8 out of 10. 

5.6.3 Participants’ Comments 
The overall reaction of all participants was very positive with minor concerns. One 
participant wrote: “I think it is a very useful device to have/carry with you on a daily basis. 
I see this device and program to be suited for persons/jobs with high level of diversity and 
unknown situations in their daily life. A very good use of this memory program would be 
for policemen, security guards or hospital healthcare” 

Some users found the application as a cool tool to use. They think that the concept is very 
interesting, and that having a lifelogging application is a fun thing  “I thought that this is a 
very cool technology, I was very excited to look back at the data”. Another quote: “it is 
interesting to see how much of my life I can remember. There are some details that I 
couldn’t tell before reviewing my day by this application. This is cool!” 

Some participants think that this application can be a memory aid to recall previous 
experiences “Having your days structured as activities is very helpful to recall your past. It 
is very hard for me to remember what I did 2 weeks ago, but not with this application. I can 
even recall any day in details when I look at it as a sequence of images. I see a big value of 
using this technology if the person has memory problems”. Another participant said: “I 
think this technology can be helpful for both short-term and log-term recalling. For short-
term, remember where I put my keys by looking on the images. For long-term, review what 
I did in the past on a specific day. However, the application is more interesting for outdoor 
activities, and I would prefer to use it if the camera is integrated in my cloth”.  

Some users found the application helpful but not for everyday life. For instance, one of the 
participants commented: “I wouldn’t use this application on daily basis. However, it will be 
great to have it when attending important events to keep track and memory of that event”. 
Another participant said: “yes, I like this but more on special occasions rather than every 
single day. Maybe when I’m on holiday or at a conference and I meet lots of new persons” 

Only one participant highlighted privacy as a major concern when using the system. The 
participant commented: “No, I don’t want to use this technology at least not for now. The 
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camera looks strange to carry around, and sometimes I didn’t want to have it on me. I 
needed my privacy!”  

5.7 Discussion 
This section discusses the results of the efforts with respect to the research questions.  

The first addressed question is: “How can places of importance be recognized and 
activities be inferred based on location data and time?” 

Places can be recognized relying solely on time-stamped location data using the DBSCAN 
algorithm. DBSCAN aggregates GPS points into clusters based on the density of points. 
The authors calibrated the density-based algorithm based on data collected by three users 
over a period of six months. The best parameter values for DBSCAN that result in fewer 
numbers of place recognition errors are 39.2 meters for the Radius and 3 points for MinPts. 
OPTICS algorithm is also used to ensure that the chosen parameters values for DBSCAN 
provide stable clustering results. The DBSCAN algorithm results in clusters that represent 
places visited by the user. After the clusters are identified, the system constructs the convex 
hull to estimate the geographical boundaries of the recognized places. 

Activities are inferred based on the known places and the essential places that are defined in 
the previous step. An activity is represented by a set of GPS points which belong to the 
same place and which are sequential in time. The system searches within the defined place 
clusters and splits them into sub-clusters that do not overlap in time. Each sub-cluster 
represents an activity that happened in a certain place at a certain time. The timeframe of 
each activity is the time between the earliest point and the latest one within the sub-cluster. 
A cluster, which represents a place, might be divided into several sub-clusters, which 
represent activities happened in the same place at different time. 

The second addressed question is: “How can structured lifelogs be presented so the user 
can review and retrieve the life experiences?” 

The lifelogs, which are structured based on places and activities, are presented through a 
prototype application that answers the following questions: 

• When did the activity take place? The timeframe of the activity is presented based on 

the identified corresponding time-stamped GPS points. 

• Where was the activity? The place where the activity happened is presented on the map 

based on a convex hull of the corresponding GPS points. 

• What was the user doing? The presentation of the activity is based on the auto-captured 

images, which were taken at the time of the activity. 

A SenseCam can be used to capture images automatically while a mobile device can collect 
GPS points during the day of the person. The system transfers all the logs when connecting 
those portable devices to a computer, and then defines places and activities based on the 
GPS data. SenseCam images are then associated with those places and activities based on 
time and presented to the user for reviewing and adjustment. Adding SenseCam images, as 
content, to the clustering results helps the user in naming places and activities when 
reviewing.  
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If the user confirms a cluster as a place, the coordinates that correspond to this place are 
saved and the place will be known and detected automatically next visit. Therefore the 
system can improve its knowledge about the user’s preferable places. Saving activities will 
just save the data and make it available for later retrieval. The system thus presents the 
structured lifelogs as places and activities associated with SenseCam images. The system 
helps the user to retrieve or share previous moments in life based on places or time. For 
example, the user can review all the activities that happened in a certain place, such as the 
university, or at a certain time, such as the New Year eve. 

The system was evaluated by 12 participants who used the equipment for 1 day. The overall 
satisfaction was positive with slightly better results for the place recognition results (8.9 out 
of 10) than the activity inference results (8.3 out of 10). The overall satisfaction of the 
whole system is 8.8 out of 10, meaning that this lifelogging system could be accepted and 
integrated in the daily life. Combing images with the aggregation results, together with 
presenting the GPS data on a map, helped the participants in reflecting and recalling their 
life experiences easily. 

5.8 Related Work 
In this article the authors have shown how to recognize places of importance, how to use 
them to structure lifelogs in the form of activities, and how to present lifelogs to the user in 
a structured way. This section describes some of the work that has been done by others, 
which is related to the work presented in this article.  

The DBSCAN algorithm, together with OPTICS, was used by the authors when clustering 
the location data. Another common clustering approach is K-means. K-means is a method 
of cluster analysis that aims to partition n observations into k clusters [18]. This method 
assigns k initial means randomly, and then it goes over all the observations and assigns 
them with the nearest mean, which results in having k clusters. The mean value of each 
cluster is calculated, and then the method is repeated until the error term is deemed small or 
the decrease is below a threshold. This method is very sensitive to noise, and the number of 
the clusters must be known in advance. K-means also rely on the random initialization of 
the means that makes it non-deterministic [19]. Ashbrook et al. [20] used a variant of the k–
means clustering algorithm that used GPS data in defining locations of the user. All the 
points within a pre-defined Radius are marked, and the mean of these points is computed. 
The system will do calculation again based on the mean and the given Radius to find a new 
mean value. When the mean value is not changing any more then all points within its 
Radius are placed in a cluster and removed from consideration. This approach is repeated 
until there are no more GPS points left. The main limitation of this approach is that the 
Radius should be set in advance and then the clustering algorithm will rely on that value. 
Density-based algorithms overcome the limitations of the K-means clustering method [7]. 
The advantages of using DBSCAN over K-means are mentioned by Zhou et al. [19]: 
DBSCAN is less sensitive to noise, it allows clusters of arbitrary shape, and it provides 
deterministic results. 

Alvares et al. [21] presented an approach to add semantic information to trajectories. 
Trajectories are decomposed into stops and moves where a stop is a set of points that is 
transformed into a geographic object with a meaning, and a move is a small part of a 
trajectory between two stops. Candidate stops are identified in advance and the output of 
the work was a semantic trajectory dataset. Palma et al. [9] extended the work presented in 
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the paper [21]. Palma et al. used a variation of the DBSCAN algorithm to discover 
interesting places in trajectories, which are previously unknown. Trajectories are observed 
as a set of stops and moves, where stops are more important. The authors in [9] calculated 
the distance between points along the trajectory instead of using Euclidean distance, and 
they used minimal time instead of using minimal number of points MinPts, for a region to 
be dense. The absolute distance (Eps) is used to calculate the neighbourhood of a point. The 
choice of Eps requires knowing the percentage of location points, which corresponds to 
stops. In our work the choice of Eps is based on analysis and observation of real-life data. 
In contrast to [21] and [9], our work considers activity inference and contains the methods 
to visualize and label the found places and activities.  

Andrienko et al. [10] defined the trajectory of an object as temporally ordered position 
records of that object. The authors in [10] looked at the characteristics of the movement 
such as instant speed, direction, travelled distance, displacement and the temporal distances 
to the starts and ends of the trajectories. These characteristics are then represented as 
dynamic attributes that can give an indication of movement events. For instance, having 
low speed in some areas can be an indication of specific events belonging to those areas. 
The events are clustered according to their positions and time, and then used to extract 
places. Repeated occurrences of events in places are calculated by means of density-based 
clustering, and those places are defined as interesting ones to the user. The result was 
defining places of interests from mobility data by analysing place-related patterns of events 
and movements. However, the work presented in [10] relied on the data collected by many 
users in the area, while our work is designed for detecting and logging personal 
preferences, so activities in our work represent the personal life experiences of the user. In 
addition, no prototype application was done in [10] so the user cannot review and save the 
detected places and events for later retrieval.  

Another work was presented by Wolf et al. [22] that relied on the loss of the GPS data as 
indication of buildings. Losing GPS signals within a given Radius on three different 
occasions is interpreted by the system as a building has been entered. This work identified 
only buildings and provided no detection for outdoor places or any activities.  

The effect of using locations and images on memory recall has been tested by Kalnikaite et 
al. [23]. In their work, SenseCam images are associated with locations based on time and 
then presented to the user through an application. However, images are associated without 
the use of any particular clustering techniques. Thus if a SenseCam timestamp falls within 
50 seconds of a GPS timestamp, that image and the GPS point will be paired together. 
Another application that presents groups of images on a map based on their locations has 
been created by Toyama et al. [24]. All the images are tagged by the location data and 
stored in a database, and then the application groups the images and shows them on the map 
based on the tagged location. Locations can be cities, streets, or user-defined places. This 
application lacks the automatic detection of important places as it relies mostly on the 
tagged data of the images.  

In summary, the work presented in this paper extends the previously mentioned works by 
presenting techniques that cluster location data and then grouping a sequence of images 
based on the clustering results. The authors combine recognition of places with inference of 
activities relying solely on time-stamped location data. Context and Content data are also 
combined and visualized through a prototype application, so the user can mark places and 
activities that happened at interesting stops to retrieve them later on. In addition, having a 
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stream of images can help the user, when reviewing through the proposed application, in 
naming what activity happened in the place.  

5.9 Conclusion and Future Work 
This article presented a novel approach that relies on location data and images to organize 
the lifelogs of someone’s life. Location data provides a context source that can be used to 
recognize places and infer activities. Images, as content data, can be then associated with 
those recognized places and inferred activities, and be presented to the user for reviewing 
and adjustment. The introduced prototype system structures and presents lifelogs based on 
places, activities and images that can be available for later retrieval. The system therefore 
provides a digital tool for persons to reminisce and share their life. 

The next stage of our work is improving the inference of activities within the lifelogging 
system using the same set of devices. Sensor-readings in SenseCam can be used with image 
processing techniques to better reason about daily activities. This will also help the system 
distinguishing between different activities that usually happen in the same place, which will 
improve the activity inference task.  
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Abstract: This article describes an investigation to determine the optimal placement of 
accelerometers for the purpose of detecting a range of everyday activities. The paper 
investigates the effect of combining data from accelerometers placed at various bodily 
locations on the accuracy of activity detection. Eight healthy males participated within the 
study. Data were collected from six wireless tri-axial accelerometers placed at the chest, 
wrist, lower back, hip, thigh and foot. Activities included walking, running on a motorized 
treadmill, sitting, lying, standing and walking up and down stairs. The Support Vector 
Machine provided the most accurate detection of activities of all the machine learning 
algorithms investigated. Although data from all locations provided similar levels of 
accuracy, the hip was the best single location to record data for activity detection using a 
Support Vector Machine, providing small but significantly better accuracy than the other 
investigated locations. Increasing the number of sensing locations from one to two or more 
statistically increased the accuracy of classification. There was no significant difference in 
accuracy when using two or more sensors. It was noted, however, that the difference in 
activity detection using single or multiple accelerometers may be more pronounced when 
trying to detect finer grain activities. Future work shall therefore investigate the effects of 
accelerometer placement on a larger range of these activities. 

Keywords: activity recognition; accelerometery; wearable technology; classification models 

6.1 Introduction 
The ability to recognize various everyday activities provides new opportunities for context 
aware applications within a number of areas including healthcare and wearable computing. 
Activity recognition is based on the continuous monitoring of physical activity in free 
living environments for prolonged periods. In recent years, much work has been carried out 
on human activity recognition using wearable sensors. In particular, machine-learning 
techniques have been utilized to provide recognition of everyday activities, such as walking 
and lying [1] [2], from accelerometer data. Their small size, light weight, low power 
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consumption and low cost make accelerometers well suited to wearable applications [3]. 
With the increased use of accelerometers for activity detection, it is important to consider 
the technological challenges and limitations associated with their inaccuracies, placement 
issues and usability concerns. 

The acceleration signal recorded from the body depends upon the location of the sensing 
device and the activity being performed [4]. Generally, acceleration signals are said to 
increase in magnitude from the head to the ankle. Vertical accelerations produced during 
level walking range from −2.9 m/s2 to 7.8 m/s2 at the lower back, to 16.7 m/s2 to 32.4 
m/s2 at the tibia [4]. Figure 6.1 below presents an illustration of typical accelerometer 
signals from chest, back, wrist, hip, thigh and foot whilst walking. Although it is agreed 
that accelerometer placement has an effect on the measurement of bodily acceleration, there 
is still some debate over the ideal location of the sensor for particular applications [5]. 

 
Figure 6.1. Five second recording of simultaneous vertical acceleration obtained from 
accelerometers placed on the chest, lower back, wrist, hip, thigh and foot. Acceleration data was 
sampled at 50 Hz using an accelerometer with a range of ±6 g. 

This paper reports an investigation into the optimal placement of accelerometers for the 
detection of everyday activities. Activities investigated within this study include walking, 
jogging on a motorized treadmill, sitting, lying, standing and walking up and down stairs. 
Data is collected from 6 locations on the body, namely the chest, left hip, left wrist, left 
thigh, left foot and lower back. Machine-learning techniques are utilized to identify which 
location is best to place accelerometers for the purpose of activity detection. In addition, the 
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authors compare the activity detection accuracy when combining the acceleration data from 
different locations. This work aims to answer the following research questions: 

1. What is the best machine-learning model for classifying the investigated activities from 
the acceleration data?  

2. What is the optimal location of a single tri-axial accelerometer for detecting the 
selected range of everyday activities?  

3. How does combining tri-axial accelerometers located at different locations affect the 
accuracy of activity detection?  

The remainder of this article is organized as follows: Section 6.2 presents a review of 
related works which have investigated accelerometer placement for detecting everyday 
activities. In Section 6.3 the methods utilized within this work are discussed. The methods 
section includes data capture, processing and analysis. The results from experimentation, 
with respect to each of the research questions, are then discussed in Section 6.4. Finally 
conclusions are drawn in Section 6.5. 

6.2 Related Work 
Accelerometers are widely integrated into wearable systems in order to identify various 
activities. Activity detection aims to identify activities based on data collected from 
ubiquitous sensors as they occur. The ability to provide accurate information on a user’s 
activity and context lends itself to numerous application areas including, activity 
monitoring/promotion, context aware information and content delivery. Previous studies 
investigating activity detection have reported accuracy levels of 85% to 95% for 
recognition rates during ambulation, posture and activities of daily living (ADL). A 
summary of notable works is presented in Table 6.1. From the Table, it is worth noting that 
there is a large variety of placement locations utilized within these projects. Furthermore, 
the majority of these studies have incorporated multiple accelerometers attached at different 
locations on the body. Whilst this provides sufficient contextual information, placing 
accelerometers in multiple locations can become cumbersome for the wearer, which can 
impact on wearer compliance. Increasing the number of sensors also increases the 
complexity of the classification problem. For these reasons, a number of studies have 
investigated the use of a single accelerometer. However, doing so generally decreases the 
number of activities that can be recognized accurately [6]. In light of this, one of the major 
considerations in using accelerometers for activity detection is to identify which location, or 
combination of locations, on the body provides the most relevant information to perform 
the detection. Bao and Intille [7] used features derived from both the time and frequency 
domain to classify 20 different activities. Accelerometers were placed at the upper arm, 
lower arm, hip, thigh and ankle. Data generated from the accelerometers was used to train a 
number of classifiers including the C4.5 Decision Tree, Decision Tables, Naive Bayes and 
Nearest Neighbor classifier. The Decision Tree classifier yielded the best performance 
achieving 86% accuracy. Further analysis showed a reduction in accuracy of just 3% when 
data from only the thigh and the wrist was considered. Although this work is seen as 
seminal in the area of activity recognition, it did not report on how the location of the 
accelerometer affected the accuracy of the classifier for each activity. Furthermore, all 
possible combinations of sensors were not investigated. 
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A study by Olguin and Pentland [8] compared the activity recognition accuracy of four 
configurations of accelerometers from three placements. The mean and variance of the 
three axes were used as inputs to a Hidden Markov model (HMM). Validation was carried 
out using a 9-fold cross validation. The classifier achieved an accuracy of 65% using only 
one accelerometer placed at the chest. By combining data from accelerometers placed on 
the wrist and hip, this accuracy increased to 87%. Additionally, using data from all three 
locations improved the classification accuracy to 92%. In agreement with the work by Bao 
and Intille, the authors suggested that reasonably accurate activity recognition (~80%) 
could be achieved using a system consisting of two accelerometers and highlighted that this 
could be made up of an electronic badge and a mobile phone. As with similar studies only a 
small subset of possible combinations of sensors where investigated. There is therefore a 
need to investigate all possible combinations of sensors. 

In addition to investigation of optimum placement of accelerometers for ambulatory 
activities and activities of daily living, a small number of studies have invetsigated the 
effects of placement on the detection of specific activities such as falls. Gjoreski et al. [9] 
studied the best location to place accelerometers for fall detection, based on the 
classification of postures. Four accelerometers were placed at the chest, waist, ankle and 
thigh. Statistical features were calculated for each axis of the accelerometer in addition to 
the magnitude. Results indicated that one accelerometer (chest or waist) by itself was not 
enough to sufficiently classify the activities (75%). There was, however, a significant 
improvement in classification accuracy achieved by combining the accelerometer at the 
chest or waist with one placed on the ankle (91%). In agreement with other studies, the 
authors found using sensors placed on both the upper and lower body improved the 
classification of the activity. One limitation to this study is that they did not investigate 
ambulatory activities (walking, running, stair climbing). Furthermore, the authors [9] did 
not report on the classification accuracy for all possible combinations of sensors. 

Other studies have looked to investigate which features, obtained from multiple 
accelerometers provide the most discriminative power. Preece et al. [10] addressed the area 
of dynamic activity recognition and the specific challenge of extracting relevant features 
from the accelerometer signal. Recognized activities included walking, going up and down 
the stairs, running, hopping on the left or right leg and jumping. Accelerometers were 
placed on the waist, ankle and thigh of the participants. Preece et al. analyzed various time-
domain and frequency-domain features of accelerometer signals, in addition to multiple sets 
of features based on using a wavelet transform. In order to compare different feature sets, 
the authors used the k Nearest Neighbor (kNN) classifier with an Euclidean distance metric. 
The highest activity recognition accuracy for a single sensor (97%) was achieved using data 
from an accelerometer placed at the ankle. Preece et al. noted surprisingly high levels of 
accuracy, compared to other works when using frequency-domain features derived from a 
single accelerometer. Furthermore, frequency domain features were shown to outperform 
both time-domain and Wavelet based feature sets. The creation of these frequency based 
features, derived by a fast Fourier transform is, however, extremely resource intensive. 

More recently, Atallah et al. [2] investigated the optimal placement of accelerometers for 
classifying groups of activities. Accelerometers were placed at seven locations including 
the chest, hip, upper arm, wrist, thigh, ankle and ear, this is the greatest number of locations 
to be investigated. They assessed how kNN and Bayesian classifiers performed on features 
obtained from each location. From this they made recommendations for choosing which 
location was best for different activity levels, e.g., very low, low, medium, high and 
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transitional. Sensors on the wrist provided reasonably good rates of precision and recall for 
similar activities, e.g., preparing food and eating and drinking. An accelerometer placed at 
the waist performed best for low level activities, where the differences in body acceleration 
were more distinctive, e.g., walking and reading. This most recent study, however, did not 
assess any effect that combining accelerometers may have on the performance of the 
classifier. 

Many previous studies have assessed the effects of placement using conventional locations 
such as the hip and lower back. More recently, however, some studies have highlighted the 
need to consider convenient placement of sensors in order to improve compliance [11]. 
Indeed, compliance is a large source of data loss within free living studies. Nevertheless, 
best practices for the use of activity monitors still suggest that monitors should be worn in a 
comfortable, unobtrusive location and firmly attached to the body [12]. Other factors which 
are associated with user compliance include sensor size, weight, number and attachment 
method [12]. Bergmann et al. [11] investigated agreement in the accelerometer feature, 
median frequency, for sensors fixed at the lower back and placed within the front pocket. 
Twelve subjects were asked to complete four tasks including, standing, walking and 
climbing stairs. Only accelerations from the vertical axis showed moderate agreement. The 
authors suggested that the generalizability between traditional and convenient placements 
may therefore be limited. This study, however, only considers a small number of sensor 
placements and does not assess the effect that the difference in placement had on 
classification accuracy. 

This article describes an investigation into the optimal placement of accelerometers for the 
purpose of activity detection. Furthermore, the authors investigate the effect of combining 
data from accelerometers at multiple locations on the accuracy of activity detection. 
Although previous works have investigated the accuracy of activity detection from each of 
these locations, few have used data from more than five locations [2] [7]. Of these studies, 
none have considered all possible combinations of sensor locations. This work shall 
therefore clarify which combination of sensors provides the greatest accuracy of detection 
of everyday activities. 

Reference 
Activities 

(Number Studied) n Placements Features Accuracy 

Bao and 
Intille [7] 

Walking, sitting, 
running, cycling, 

vacuuming, folding 
laundry (20) 

20 
Upper arm, 

lower arm, hip, 
thigh, foot 

Mean, entropy, energy 

Decision tree 
(84%), kNN 
(83%), Naive 
Bayes (52%) 

Karantonis 
[13] 

Sitting, Standing, 
walking, lying in 

various positions and 
falls (12) 

6 Waist 
Signal magnitude area, 

tilt angle, signal 
magnitude vector 

Decision tree 
(91%) 

Pirttikangas 
[14] 

Typing, watching 
TV, drinking,  

walking up and down 
stairs (17) 

13 
Both wrists, 

thigh and 
necklace 

Mean, standard 
deviation 

Neural network 
(93%) kNN 

(90%) 

Mathie [15] Fall, walking, 
transitional,  sit, 

26 Waist 
Signal magnitude area, Decision tree 
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stand and lie (6) mean acceleration (87%) 

Parkka [16] 
Lying sitting, 

walking, rowing, 
cycling (8) 

11 Chest and wrist 

Mean, variance, 
median, skewness, 

kurtosis, peak 
frequency, signal 

power 

Decision tree 
(86%) 

Hierarchical 
(82%) Neural 

network (82%) 

Olguin and 
Pentland [8] 

Sitting, Running, 
walking, standing, 
lying and crawling 

(7) 

3 Chest, hip, 
wrist Mean and variance HMM (65%–

92%) 

Ravi [17] 

Standing, walking, 
running, stairs up, 

stairs down, 
vacuuming (8) 

2 Waist 
Mean, Standard 

deviation, energy, 
correlation 

VM (63%) 
Decision tree 
(57%) kNN 

(50%) 

Bonomi [18] 

Lying, sitting, 
standing, working on 
a computer, walking, 
running, cycling (7) 

20 Lower back 

Mean, Standard 
deviation, peak-to-

peak distance, cross-
correlation, spectral 

power, dominant 
frequency 

Decision tree 
(93%) 

Yeoh [19] 
Sitting, lying, 

standing and walking 
speed (4) 

5 Waist and thigh Accelerometer 
inclination 

Heuristic model 
(100%) 

Yang [1] 
running, vacuuming, 
scrubbing brushing 

teeth (8) 
7 Waist 

Mean, correlation, 
energy, interquartile 

range, RMS 

Neural network 
(95%) kNN 

(87%) 

Lyons [20] 

Sitting, standing, 
lying, moving (4) 

 

1 Trunk and 
Thigh 

Mean, standard 
deviation and 

inclination 

Thresh holding 
(93%) 

Gjoreski [9] 

Lying, sitting, 
standing, all fours, 

transitional (7) 

 

11 Chest, Waist, 
Ankle, Thigh 

Orientation, Mean, 
Root Mean Square, 
Standard Deviation 

and Movement 
detection 

Random Forest 
(75%–99%) 

Atallah [2] 

Lying, walking, 
running, cycling, 

sitting, transitional 
(15) 

11 
Chest, upper 

arm, wrist, hip 
thigh, ankle, ear 

Variance, RMS, mean, 
energy, entropy, 

skewness, kurtosis, 
covariance 

kNN (na), 
Bayesian (na) 

Table 6.1. Summary of notable works involving activity detection using accelerometry. The table 
includes the type of activities which were investigated (total number of activities is given in brackets), 
the number of subjects (n), the features used and detection accuracy achieved. 
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6.3 Methods 
The following section describes the protocol for the collection of accelerometer data for the 
investigated activities. Following this, details of the features extracted from the raw data 
and the models used to carry out the activity recognition are described. 

6.3.1 Data Collection 
Eight male subjects were recruited to participate in the study. Subjects were members of 
staff and students of the University of Ulster. Subjects ranged in age from 24 to 33 (mean 
26.25, sd ± 2.86). All subjects provided written informed consent prior to participating in 
the study. Subjects also completed a physical activity readiness questionnaire (PAR-Q) to 
assess their suitability to take part in the study. The study was approved by the Faculty of 
Computing and Engineering Research Governance Filter Committee at the University of 
Ulster. Subjects wore six tri-axial accelerometers at different locations on the body as 
shown in Figure 6.2 below. These locations were selected as they are typical sites from 
which to collect data for the purpose of activity recognition as shown by Table 6.1. 
Furthermore, these sites have been shown to provide accuracy rates of ~80% for whole-
body ambulatory activates similar to those within this study. Accelerometers were fixed to 
the body using elasticized strapping and holsters. This is a common method of attachment 
in activity recognition studies [3]. 

 
Figure 6.2. Selected placement locations for the accelerometers. These include the chest, lower back, 
hip, thigh, wrist and foot. Accelerometers were fixed on top of clothing using elasticated strapping 
and holsters. 
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Acceleration data was collected using six Shimmer wireless sensor platforms (Shimmer 2R, 
Realtime Technologies, Dublin, Ireland). These tri-axial accelerometers had a range of ±6 g 
and sampled data at 51.2 Hz. This sampling frequency is sufficient to capture most 
everyday activities (~20 Hz) [3]. Bodily acceleration amplitude can range up to ±12 g. 
Nonetheless, the literature suggests that promising results can be obtained using ±2 g 
acceleration data during activity recognition [7]. Furthermore, although acceleration at 
body extremities can exhibit a 12 g range in acceleration, the majority of points near the 
torso and hip experience only a 6 g range in acceleration [3]. 

Data were transmitted via Bluetooth to a notebook computer where it was saved for 
analysis offline. In order to achieve synchronization, data were recorded using Shimmer 
Sync software (Shimmer sync Version 1.0). This software synchronizes time stamp data 
from each of the 6 accelerometers. Prior to beginning the study, devices were calibrated 
using standard calibration techniques as described in [21]. 

Seven activities were studied. These consisted of whole body activities and postures 
including walking, jogging on a motorized treadmill, sitting, lying, standing and walking up 
and down stairs. All activities were maintained for a duration of two minutes with the 
exception of climbing stairs. The stair climbing activities were carried out on 10 flights of 
stairs (~80 steps). The climbing stairs task was repeated, after a one minute pause, in order 
to capture sufficient data for analysis. For treadmill based activities, users walked and 
jogged at a self-selected comfortable speed. The maximum jogging speed was capped at 10 
km/h as speeds above this are considered as running [22]. Data were manually labeled 
offline by a human observer. A summary of average times to complete tasks along with 
walking and running speeds is presented in Table 6.2 below. 

Activity Mean Time to Complete (s) ±Standard Deviation 

Stairs up 49.38 (±6.74) 

Stairs down 45.31 (±4.88) 

 Average Speed (km/h) ± Standard Deviation 

Walking speed          4.63 (±0.34) 

Running speed 8.44 (±0.98) 

Table 6.2. Summary of the time taken to complete walking and stair walking tasks and mean speed for 
walking and running on a treadmill. Figures presented are average and ± standard deviation. 

6.3.2 Feature Extraction 
The raw acceleration data were labeled based on the performed activity. There were 
approximately 50,000 samples for each activity with a total number of 370,000 samples. 
Features were extracted from raw acceleration data using a window size of 512 samples 
with 256 samples overlapping between consecutive windows. Feature extraction on 
windows with a 50% overlap has demonstrated reasonable results in previous works [7]. 
This window size is capable of capturing complete cycles in repetitive action activities such 
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as walking, jogging and stair walking, whilst allowing for fast computation of features. 
Eleven features were extracted from each window, giving a total of 26 attributes. A 
description of each feature is presented in Table 6.3 below. These features have been used 
within previous works and have achieved acceptable levels of accuracy (~80%) [7] [17]. 

No. Feature Description 

1 Mean value for each axis (x, y, and z) 

2 Average Mean over 3 axes 

3 Standard Deviation value for each axis (x, y, and z) 

4 Average Standard Deviation over 3 axes 

5 Skewness value for each axis (x, y, and z) 

6 Average Skewness over 3 axes 

7 Kurtosis value for each axis (x, y, and z) 

8 Average Kurtosis over 3 axes 

9 Energy value for each axis (x, y, and z) 

10 Average Energy over 3 axes 

11 Correlations: x_y, x_z, x_total, y_z, y_total, z_total 

Table 6.3. Description of features extracted from each window of raw acceleration data. 11 features 
were extracted from each window, giving a total of 26 attributes. 

Feature 1–8 are standard statistical metrics. Feature 9 (Energy) is the sum of the squared 
discrete FFT component magnitudes of the signal [23]. The sum is divided by the window 
length for the purposes of normalization (1). This feature has been shown to result in 
accurate detection of certain postures and activities [24].  For instance, the energy of a 
subject’s acceleration can discriminate low intensity activities such as lying from moderate 
intensity activities such as walking and high intensity activities such as jogging [25]. If ×1, 
×2, ... are the FFT components of the window then the energy can be represented as 
presented in Equation (6.1): 

 
(6.1) 
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where  are the FFT components of the window for the x axis and w is the length of the 
window. Feature 11 (Correlation) has been shown to improve the detection of activities 
involving movements of multiple body parts [26]. It is helpful for differentiating among 
activities that involve translation in just one dimension [17]. For instance, with correlation 
between axes it is possible to differentiate walking and jogging from taking the stairs up 
and down. Correlation is calculated between each pair of axes as the ratio of the covariance 
and the product of the standard deviations [17], Equation (6.2): 

 
(6.2) 

where cov(x,y) is the ratio of covariance between the x and y axis of acceleration and  
 is the product of the standard deviations. The features are used as input for WEKA data 
mining software (University of Waikato, Version 3.6.7) to build the classifiers. WEKA is a 
machine learning software environment which offers a collection of visualization tools and 
algorithms for data analysis and predictive modeling [27]. 

6.3.3 Classification Models 
Many different classification models have been applied to the problem of activity detection. 
This is highlighted by the studies included in Table 6.1. There is no universally accepted 
method of detecting a particular range of activities and all techniques have associated 
benefits and limitations. Common methods include data driven approaches such as 
Decision Trees (DT), k-nearest Neighbor, Neural Networks (NN), Naive Bayes (NB) and 
Support Vector Machine (SVM) [28]. An overview of techniques and their associated 
benefits and limitations is provided by Preece et al. [23]. In order to identify which machine 
learning algorithm provided the most accurate activity detection, the C4.5 DT (J48), NB, 
NN (Multilayer Perceptron) and SVM were applied to data. The parameters of each 
classification method were configured by identifying the set of parameters that correspond 
to maximum average accuracy over a 10-fold cross validation. A java application was 
developed to perform a grid search for optimal parameters. To further identify which 
machine learning algorithm achieved the best accuracy, a 10 fold cross validation with 10 
iterations was performed using the WEKA Experimenter (University of Waikato, Version 
3.6.7). A paired t-test was subsequently performed on the results to identify if the 
percentage of correctly classified instances was significantly different using the SVM when 
compared to the J48, NB or NN. SPSS (IBM, Version 20) was used for all statistical tests. 
The SVM was used as the baseline scheme, with the other three algorithms being compared 
to it. A value of less than p = 0.05 was considered statistically significant. 

6.4 Results and Discussion 
6.4.1 Accuracy of Classification Algorithms 
In order to identify which machine learning algorithm provided the most accurate activity 
detection, the Decision tree (J48), Naïve Bayes (NB), Neural Network (NN) (Multilayer 
Perceptron) and Support Vector Machine (SVM) where applied to the data. The parameters 
of each classification method were configured by identifying the set of parameters that 
correspond to maximum average accuracy over a 10-fold cross validation. A java 
application was developed to perform a grid search for optimal parameters. For the J48 
algorithm, the application compared the performance of different confidence values (with a 
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step of 1%) combined with the use of different values of minimum number of instances (in 
increments of one). For the J48 the best results were achieved using a confidence value of 
5% and the minimum number of instances equal to 2. For the NN, the application analyzed 
the optimal number of layers and number of neurons per layer in the multilayer perceptron. 
A model with 70 neurons in a single hidden layer provided best average recognition 
accuracy. For the SVM, the application compared the performance of different kernels and 
different complexity values. The best performance was achieved with universal Pearson VII 
function based kernel [25] and complexity value of 100. For the NB method supervised 
discretization was used [26], which significantly increased the performance of the 
approach. Table 6.4 below presents the percentage of the correctly classified instances for 
each location using the adopted machine learning methods. 

Location SVM 
J48 NB NN 

% Correct (P-value) % Correct (P-value) % Correct (P-value) 

Chest 96.91 94.22 (<0.001) * 92.5 (<0.001) * 95.34 (<0.001) * 

Foot 95.63 96.48 (<0.001) + 97.42 (<0.001) + 93.94 (<0.001) * 

Left Hip 97.81 94.11 (<0.001) * 95.92 (<0.001) * 97.75 −0.57 - 

Lower 
back 96.59 92.8 (<0.001) * 94.91 (<0.001) * 95.77 (<0.001) * 

Left 
Thigh 96.81 94.6 (<0.001) * 96.35 −0.012 * 96.85 −0.751 - 

Left 
Wrist 95.88 92.87 (<0.001) * 91.52 (<0.001) * 94.81 (<0.001) * 

Average 96.67 94.18 (<0.001) * 94.77 (<0.001) * 95.74 (<0.001) * 

Table 6.4. Percentage of correctly classified instances for each location using each of the four 
machine learning algorithms. Results show the average percentage correctly classified instances for 
the 10 fold 10 iteration test. P-values are presented in brackets. (*) denotes significantly less than 
percentage correctly classified instances, (+) denotes significantly more than percentage correctly 
classified instances and (-) denotes no significant difference in percentage correctly classified 
instances. The average percentage accuracy for all locations is also presented. 

Results in Table 6.4 demonstrate that the SVM provided significantly better accuracy than 
the DT, NB and NN when using data from all locations, with the exception of data from the 
foot, where the DT and NB provided statistically better results. There was no significant 
difference in percentage classified instances between the SVM and NN when using data 
from the hip or thigh. The average percentage classified instances for all locations was used 
as a final metric to compare overall performance of the approaches. SVM provided a small, 
however, significantly greater accuracy of 96.67% (p ≤ 0.001).  SVM is a popular 
classification technique, which has previously been shown to provide accurate activity 
detection [29]. SVMs can be implemented in real time and work reliably on noisy data sets 
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[23]. For these reasons the SVM was selected as the method of choice for subsequent 
testing. 

6.4.2 Optimal Location of Single Accelerometer 
Table 6.4 also provides details of which location provided data that achieved the most 
accurate activity detection. A one-way ANOVA, with Tukey post hoc testing, was 
performed to assess statistical significance. From Table 6.4 it can be observed that the 
highest accuracy was achieved when using data from the Hip (97.81%, p ≤ 0.001). The 
lowest accuracy was achieved when using data from the Foot (95.63, p ≤ 0.001) and Wrist 
(95.88, p = 0.002). In this case, the Hip is therefore the best single location to place a tri-
axial accelerometer for detecting the studied range of everyday activities. 

The F-measure was used as a performance index to evaluate the SVM's ability to classify 
each of the activities. The F-measure combines precision and recall as presented in 
Equation (6.3): 

 
(6.3) 

Precision is the fraction of retrieved instances that are relevant, while Recall is the fraction 
of relevant instances that are retrieved. A higher F-measure value indicates improved 
detection of the investigated activity. Table 6.5 below presents the balanced F-measure 
calculated for each activity at each location when using the SVM. Again a 10 fold cross 
validation was applied. A weighted average value was added to the Table to represent the 
average of the F-measure values for each location. 

Activity Chest Lower Back Left Foot Left Hip Left Thigh Left Wrist 

Lying 1 1 0.997 1 0.972 0.967 

Running 1 1 1 1 1 1 

Sitting 0.966 0.992 0.924 1 0.972 0.966 

Stairs 
down 0.94 0.92 0.915 0.935 0.925 0.926 

Stairs up 0.928 0.906 0.92 0.929 0.929 0.902 

Standing 0.969 0.993 0.929 1 1 1 

Walking 0.981 0.973 1 0.99 1 0.961 

Weighted 
Avg. 0.9 0.968 0.955 0.978 0.971 0.965 

Table 6.5. Balanced F-measure for each location, detailed by class, when using the Neural Network. 
A weighted average value was added to the Table to represent the average of the F-measure values 
for each location. 

Results show activity detection using data from the hip provided the highest F-measure 
with an average of 0.978, while data from the foot provided the lowest F-measure average 
of 0.955. It is hypothesized that the hip provided the best data, as the activities studied do 
not consist of arm or upper body movements and as data from the hip best represents total 
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body movement. In addition to the weighted average value of F-measure, it is possible to 
identify the accuracy of detecting each activity separately. For example, sitting and 
standing activities were detected worst when using data from the left foot, the values are 
0.924 and 0.929 respectively, which indicates some confusion of detecting those activities 
when attaching the accelerometer to the left foot. This is most likely due to little or no 
difference in the accelerometer signal recorded at the foot during these activities. Lying and 
jogging activities were the most accurately detected activities. Data from the wrist and 
lower back provided similarly low average F-measures. For the data from the wrist this 
lower accuracy may be due, in part, to arm movements unassociated with the measured 
activity. For example, some users sat with their arms folded while others gestured and 
talked with their hands. When using accelerometers placed at the lower back it was noticed 
that the accelerometer tended to twist and rotate on the elasticated strapping. This in turn 
may have caused irregularities within the data, which subsequently impacts negatively on 
the classification of activities when using data from this location. 

6.4.3 Optimal Location of Multiple Accelerometers 
All possible combinations of two, three, four, five and six locations were generated. 
Considering the total number of combinations for all six locations studied produces 64 
possible permutations in total (26 = 64). Removing from this, cases involving single or no 
sensors resulted in 57 (64–1–6 = 57) possible combinations. For reporting purposes these 
combinations were divided as follows: 15 possible combinations for two locations, 20 
possible combinations for three locations, 15 possible combinations for four locations, six 
possible combinations for five locations and one possible combination for all six locations. 
After computing the features, files were used as input for the WEKA Experimenter. The 
SVM classifier was then applied. A 10 fold cross-validation with 10 iterations was again 
applied. Tables 6.6 to 6.10 present the results, in terms of accuracy, for combinations of 
two to six locations, respectively. A one-way ANOVA was performed in order to assess 
whether or not the location of the accelerometer had a statistically significant impact on the 
percentage of correctly classified instances. 

Chest Lower Back Left Foot Left Hip Left Thigh Left Wrist Accuracy 

X X     97.30% 

X  X    97.71% 

X   X   97.65% 

X    X  97.84% 

X     X 97.79% 

 X X    97.31% 

 X  X   97.38% 

  X X   97.48% 

   X X  97.71% 

   X  X 97.48% 

 X   X  97.74% 
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  X  X  97.61% 

 X    X 97.47% 

  X   X 97.61% 

    X X 97.30% 

Table 6.6. Percentage correctly classified instances for 2 location combinations. 

Chest Lower Back Left Foot Left Hip Left Thigh Left Wrist Accuracy 

X X X    97.68% 

X X  X   97.57% 

X  X X   97.57% 

X   X X  97.73% 

X   X  X 97.55% 

X X   X  97.91% 

X  X  X  97.85% 

X X    X 97.55% 

X  X   X 97.77% 

X    X X 97.85% 

 X X X   97.73% 

 X  X X  97.70% 

  X X X  97.64% 

 X  X  X 97.46% 

  X X  X 97.57% 

   X X X 97.54% 

 X X  X  97.74% 

 X X   X 97.48% 

 X   X X 97.65% 

  X  X X 97.62% 

Table 6.7. Percentage correctly classified instances for 3 location combinations. 

Chest Lower Back Left Foot Left Hip Left Thigh Left Wrist Accuracy 

X X X X   97.66% 

X X  X X  97.78% 
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X  X X X  97.59% 

X X  X  X 97.43% 

X  X X  X 97.66% 

X   X X X 97.62% 

 X X X  X  97.73% 

X X X   X 97.53% 

X X   X X 97.68% 

X  X  X X 97.66% 

 X X X X  97.75% 

 X X X  X 97.52% 

 X  X X X 97.52% 

  X X X X 97.58% 

 X X  X X 97.54% 

Table 6.8. Percentage correctly classified instances for 4 location combinations. 

Chest Lower Back Left Foot Left Hip Left Thigh Left Wrist Accuracy 

X X X X X  97.63% 

X X X X  X 97.42% 

X X  X X X 97.40% 

X  X X X X 97.43% 

X X X  X X 97.46% 

 X X X X X 97.46% 

Table 6.9. Percentage Correctly Classified Instances for 5 location combinations. 

Chest Lower Back Left Foot Left Hip Left Thigh Left Wrist Accuracy 

X X X X X X 97.26% 

Table 6.10. Percentage correctly classified instances for 6 location combinations. 

Results from Tables 6.6 to 6.9 demonstrated that there was no significant difference in 
accuracy, depending on the location of the sensors, when using combinations of two (p = 
0.074), three (p = 0.409), four (p = 0.727) or five (p = 0.788) sensors. In order to investigate 
the effect of combining accelerometers from multiple locations on the accuracy of activity 
detection, the average accuracy when using each number of sensors was compared. Figure 
6.3 presents the average accuracy for each number of sensors. Once again a one-way 
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ANOVA, with Tukey post hoc testing, was performed in order to assess the significance of 
the results. 

 
Figure 6.3. Graph presents the average percentage of correctly classified instances for each number 
of sensor combinations. The average for each number of sensors is labeled. Error bars represent 95% 
confidence intervals. 

There was a small, however, significant increase in accuracy achieved by increasing the 
number of sensing locations from one to two or more sensors (p ≤ 0.001). No significant 
improvement in performance was noticed when combining data from more than two 
locations (p = 0.25). There was a small, however, significant decrease in classification 
accuracy when using data from five or more locations compared to that achieved using data 
from three (p = 0.012) or four (p = 0.07) locations. When investigating placement of 
wearable technology it is also important to consider issues of wearability and user comfort. 
Key considerations include where the device can be placed to allow it to function correctly 
while not impinging on a user's activity. Carrying multiple devices also impacts or usability 
as the wearer must charge and carry multiple devices ensuring they are worn correctly. This 
can reduce compliance acceptance of the technology. With these results in mind and 
considering the issues of wearability and usability, which would indicate the use of fewer 
sensors to be preferable, it can be concluded that the optimal number of sensors for 
detecting the range of activities investigated is two sensors. These sensors can, however, be 
placed at any of the investigated locations and will most likely depend upon the types of 
activities which are being investigated as illustrated by Table 6.5. 

There are a number of limitations which have come to light as a result of carrying out this 
study. Within the experimental protocol only whole body activities such as walking, 
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standing and sitting are considered. Other finer grain activities, such as sitting reading or 
sitting eating, may rely on identifying further movements in order to distinguish between 
activites and are not represented by whole body movements. For this reason the variety of 
activities studied should be expanded to include these lower level actives. Furthermore, 
data used within this study was captured within a laboratory under controlled conditions. It 
may therefore not be representative of carrying out such activities in a free living 
environment. Future studies should therefore seek to carry out further experiments using 
data captured under free living conditions by utilizing mobile and pervasive computing 
technologies. 

Lastly, this study considered activity classification using only data from accelerometers. 
Recent studies have shown that introducing data from a variety of sensor types can improve 
the classification accuracy of everyday activities [30]. Future work should therefore 
consider the effects of placement on the classification accuracy from sensors such as 
gyroscopes and magnetometers. 

6.5 Conclusions 
This paper presented an investigation into the accuracy of activity detection from 
accelerometer data recorded simultaneously from six bodily locations. Results have shown 
that the SVM provided the most accurate classification results of the investigated machine 
learning algorithms, when using data from a single location. Data from the hip was shown 
to be the best single location for providing data to detect the range of activities. Although, 
the differences in classification accuracy between locations were found to be significant, 
they are in fact reasonably close and therefore the practical implications of this are 
marginable. This study further investigated the effect of combining multiple accelerometers 
from various locations. In doing so, it was shown that reasonable activity detection can be 
achieved using only two accelerometers and that increasing the number of sensors had no 
significant impact on the accuracy of the classifier. This was in line with previous works, 
which have shown that an accelerometer placed on the upper and one on the lower part of 
the body can successfully detect a range of everyday activities [7]. Previous studies did not, 
however, investigate all possible combinations of sensors. 

Furthermore, results within the current study show that the difference in accuracy of 
activity detection for systems with using one and multiple accelerometers is less than 
previously reported. These results may, however, be due to the type of activity that was 
investigated in the current study. Activities within this study focused on high level 
activities, such as walking lying and sitting, which are grossly different from each other in 
terms of acceleration signals. If finer grain activities were to be studied which have more 
subtle differences in acceleration, such as for example sitting and sitting working at a 
computer, then these results may have shown greater differences between using a single or 
multiple accelerometers. Further work should therefore focus on identifying which 
combination of accelerometer positions provides the best accuracy for these finer grain 
activities. Additionally, the accuracy of such classifiers should be assessed under more free-
living conditions. 
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Abstract: This article presents a study on analyzing body movements by using a single 
accelerometer sensor. The investigated categories of body movements belong to the Laban 
Effort Framework: Strong—Light, Free—Bound and Sudden—Sustained. All body 
movements were represented by a set of activities used for data collection. The calculated 
accuracy of detecting the body movements was based on collecting data from a single 
wireless tri-axial accelerometer sensor. Ten healthy subjects collected data from three body 
locations (chest, wrist and thigh) simultaneously in order to analyze the locations 
comparatively. The data was then processed and analyzed using Machine Learning 
techniques. The wrist placement was found to be the best single location to record data for 
detecting Strong—Light body movements using the Random Forest classifier. The wrist 
placement was also the best location for classifying Bound—Free body movements using 
the SVM classifier. However, the data collected from the chest placement yielded the best 
results for detecting Sudden—Sustained body movements using the Random Forest 
classifier. The study shows that the choice of the accelerometer placement should depend 
on the targeted type of movement. In addition, the choice of the classifier when processing 
data should also depend on the chosen location and the target movement. 

Keywords: Laban movement analysis; effort category; accelerometers; machine learning; body 
movements; accelerometers placement 

7.1 Introduction 
Analyzing Body Movements is receiving an increasing amount of attention from context-
awareness researchers. This attention is motivated by the wide range of applications that 
rely on the analysis of human motion. For instance, analysis of dancer/athletic performance, 
medical diagnosis [1], and recognizing emotions based on the movements of the body [2]. 
The movements of the body usually form a synchronized pattern when performing 
activities. Those patterns can be analyzed and described in the framework of Laban 
Movement Analysis (LMA). LMA is a method for describing and interpreting all varieties 
of human movements. It provides a rich overview of movement possibilities, and it is 
considered as “a formal language for movement description” [3]. LMA is divided into four 
categories: Body (total-body connectivity), Effort (Energetic dynamics), Shape, and Space 
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[4]. This work focuses on analyzing body movements with regard to the Effort category, 
which is also divided into four subcategories: Strong—Light, Sudden—Sustained, Bound—
Free and Direct—Indirect [5]. 

It is demonstrated in [6] that even an expert cannot categorically determine whether a 
movement is Strong, Light, Sudden, Sustained, Bound, Free, Direct or Indirect. This 
classification may even vary from one expert to another. It is therefore important to define 
each type of movement beforehand, so it is possible to choose the right activities that 
represent each movement when collecting data. The authors have defined the types of 
movement within this study as follows: 

• Strong: A movement is considered to be Strong when a person needs to make a 
considerable effort to perform an activity. 

• Light: A Light movement is such that a person could perform the activity effortlessly. 

• Free: A movement is considered to be Free when it is characterized by open postures 
where the extremities of the body, mainly upper body limbs, are kept mostly away 
from the body. 

• Bound: A Bound movement is a controlled movement performed with the extremities 
close to the body. 

• Sudden: A Sudden movement is a swift movement that does not follow any particular 
pattern. It generates a change in velocity, that is, a spontaneous acceleration. 

• Sustained: A Sustained movement is a continuous movement that follows a specific 
pattern where the velocity is maintained. 

• Direct: A movement is considered to be Direct when the route a person follows over a 
certain period of time is on average a straight path. 

• Indirect: A movement is considered to be Indirect when a person follows, over a 
certain period of time, an oblique route. 

Naturally, we perform all these movements during our daily activities. For instance, most 
persons walk effortlessly, and the required movement is considered to be Light, but 
carrying heavy objects while walking will increase the activity’s Effort level, and the 
movement would be considered as Strong. To recognize activities of daily living, many 
researchers have used wearable sensors for the task of human activity recognition. In 
particular, machine-learning techniques have been utilized for the purpose of using 
accelerometers to detect daily activities such as walking, running, sitting and  
lying [7] [8] [9] [10]. The small size of accelerometers and their low power consumption 
make them well suited to wearable applications [11]. However, the purposes of the 
classified data from movement analysis and activity recognition are different. The primary 
purpose of movement analysis is to determine the movement effort, either for the use on its 
own or to be combined with other contexts to clarify the current situation. For instance, 
differentiating between strong exercise and strong emotions when the movement 
classification is coupled with a galvanic skin response sensor that measures the subject’s 
stress [12]. On the other hand, the primary purpose of classical activity recognition 
classification is to gain direct insight into the specific type of activity. 

In this article, the authors present an experiment to categorize the body movements of the 
subject using wireless tri-axial accelerometers placed at the chest, wrist and thigh. Those 
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locations have shown positive results for detecting activities of daily living in [8] [13] [14] 
[15]. Figure 7.1 below illustrates the placement of the accelerometers at the chosen 
locations. 

 
Figure 7.1. Selected placement locations for the accelerometers (chest, wrist and thigh).  
The wrist and thigh sensors are placed at the dominant side of the body. 

Having multiple sensors will increase the complexity of the monitoring system and make it 
more cumbersome for the subject [16]. The authors investigate the best location between 
chest, wrist and thigh, to place a single accelerometer for the purpose of detecting each type 
of movement. The aim of the work is to answer the following research questions: 

1. What level of accuracy can be achieved in detecting body movements within the Effort 
category using a single accelerometer? 

2. Which are the best machine-learning techniques and the best placement for an 
accelerometer to accurately classify each type of movement within the Effort category? 

The results of the presented work in this article will give an indication of how to estimate 
the physical level of the body movements. This estimation can be employed in different 
applications. For instance, physiotherapists can get an estimation of the body movements’ 
level of their patients throughout the therapy, and dance teachers can get an estimation of 
the body movements’ level of their students while dancing. Note that this work does not 
cover the classification of the Direct and Indirect elements within the Effort category. 
Those elements generally require a non-accelerometer external subsystem in order to 
capture them, such as GPS subsystem. 
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The rest of this paper is organized as follows: Section 7.2 presents state-of-the-art related 
work. Section 7.3 discusses the data collection, which includes the chosen activities to 
represent each type of movement, and the data collection process by the participants of the 
study. Section 7.4 presents how the collected data has been processed, this includes the 
features that have been extracted and selected, and the classification models that have been 
built and tested. Section 7.5 shows the obtained results, and section 7.6 discusses the 
research questions. Finally, Section 7.7 concludes the paper and presents future work. 

7.2 Related Work 
Some previous studies classified movements performed by subjects within the Laban 
Movement Analysis framework (LMA). For example, Fagerberg et al. [17] classified the 
body movements within LMA to find the connections between the mental state of the 
subject and the movements being performed. The traditional methodology was employed 
for this purpose based on the observation of the movements by either a Laban expert [6] or 
movement experts, such as choreographers or expert dancers [18]. Some researchers have 
tried to capture the movements of individuals using the human interaction with a system. 
Mentis et al. [6] used video data captured by a Kinect camera to analyze the movement 
qualities. The movement qualities were calculated based on acceleration, pathways, 
velocity, levels and relationship of limbs to the body. The movements captured from the 
subject were contrasted with the opinion of various Laban experts for the purpose of seeing 
whether the system was able to recognize the movements or not. The study provided 
indications of how movement qualities can be detected using a static video camera, and 
how these qualities can be integrated into the design of interactive systems. However, this 
system showed weakness when the recognition of the movements is conducted in a real 
world situation, since the system is not portable and it requires a controlled environment. 
Another study presented by Foroud et al. [19] that focused on analyzing the movements of 
rats instead of human beings. The movements created by rats when interacting with each 
other have been collected and stored in videotape. Using the traditional methodology, the 
videotape was analyzed and the movements were classified within the LMA Effort factors. 

Godfrey et al. [16] presented a review about measuring the human movements by the use of 
accelerometers. The reason of focusing on accelerometers was the low cost, weight and 
power consumption. Other techniques were discussed for collecting the movements such as 
the use of diaries, questionnaires or observation. These techniques were rejected because 
they present disadvantages when a continuous analysis of the movements is required. The 
review presented a compromise between the number of accelerometers and the data 
obtained from them. The authors in [16] affirmed that a smaller number of accelerometers 
makes the monitoring of movements less complex, whereas the amount of information is 
reduced. The results also showed that the use of accelerometers is a good way to collect 
movements. In addition, the authors concluded that accelerometry is a non-intrusive mean 
to access ambulatory movements, postures, postural transitions and intensity of movements. 
Another study was done by Veltink et al. [20] to distinguish between postures and 
movements of the body. The authors used two uni-axial accelerometers placed at the trunk 
and the upper legs for the detection purpose. The study showed that it is possible to 
distinguish between postures and movements by simply checking the sensors signal. If the 
signal is not changing over time, it can be assumed that the body segment is not moving. 
However, the discrimination between various movements was not analyzed. 
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Most of the previous works in this field have focused on the use of accelerometers for the 
purpose of recognizing daily activities. The method that was generally implemented was to 
collect data using accelerometers and then use machine-learning techniques to process it. 
For instance, activity recognition has been done in [8] [10] [13] [14] [15]. Some of these 
studies use tri-axial accelerometers [8] [13] [14] [15] placed at different parts of the body 
such as chest, wrist, thigh, waist and ankle, while others use bi-axial accelerometers [10]. 
Olguin and Pentland [21] used accelerometers attached to the chest, hip and wrist to detect 
activities of daily living and the accuracy rate was up to 92%. Another study done by Ravi 
et al. [15] used a single accelerometer attached to the waist to detect a range of activities 
and the accuracy of detection was up to 64%. One major topic that is discussed in related 
works is the optimal placements when using accelerometers. Cleland et al. [8] investigated 
the use of five tri-axial accelerometers placed at the chest, wrist, lower back, hip, thigh and 
foot to detect seven activities of daily living. Data collected from the hip yielded the best 
results for detecting activities using a Support Vector Machine classifier. Bao and Intille 
[10] used five biaxial accelerometers worn on the user’s right hip, dominant wrist, non-
dominant upper arm, dominant ankle and non-dominant thigh when collecting data. Their 
work suggested that using an accelerometer at the dominant wrist and thigh may be able to 
detect common everyday activities. Different sensor locations have been studied by for 
example Cleland et al. [8], Gjoreski et al. [13] and Atallah et al. [14]. These studies 
analyzed the different locations and their performances as a data source for detecting a set 
of everyday activities. 

The authors in this article investigate the possibility of classifying body movements within 
the Laban Effort category using a single accelerometer. To the best of the authors’ 
knowledge, this was not investigated before. In addition, the presented work discusses the 
sensors’ placement for the purpose of detecting body movements instead of activities, 
which complements and expands previous works in this field. 

7.3 Data Collection 
7.3.1 Definition of Activities 
It may be sufficient to detect the intensity of the performed activities in order to indicate the 
type of movement included. A set of activities is defined for each type of movement within 
the Effort category. The subject is expected to perform some actions during each activity 
and those actions will give an indication about the body movements. The total number of 
chosen activities is 23. Some of the activities were repeated for different types of movement 
with slight variations in the way the activity was performed. 

7.3.1.1 Sustained, Light, Bound and Strong Activities 
For the first three elements (Sustained, Light and Bound), the subject was asked to perform 
seven activities, namely walking, running, stairs up, stairs down, sitting, lying and standing. 
Each activity was performed for one minute. The element Strong contains a variation of 
some of the mentioned activities. For Strong movements, the subject was asked to carry 
some heavy objects in a box and also in a backpack while performing walking, running, 
stairs up and stairs down. The purpose is to increase the activity’s Effort level so the subject 
would feel it as a “strong activity”. In addition, the subject was asked to perform a cycling 
activity with first gear for Light, second gear for Sustained and Bound, and third gear with 
heavy items for Strong. 
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7.3.1.2 Sudden Activities 
Each activity performed in this element should be comprised of a series of sudden 
movements. Each activity was performed for one minute. The defined activities are the 
following: 

• Finding a cell phone: A cell phone was hidden in a room. The phone was called and the 
subject had to find it. When doing this activity the subjects perform abrupt body 
movements, particularly involving the upper body, in their haste to find the cell phone. 

• Putting shoes on and taking them off: The subject produces swift and non-patterned 
movements, especially hand movements. 

• Getting dressed: the subject was asked to put on a winter cap, a pair of gloves, a scarf 
and a coat, and then take them off. The movements a subject performs while putting on 
each item are fast during a short period of time. 

• Simon says, a kid’s game: In this game the researcher stated an activity (i.e., 
walking/running) and the subject has to perform it. The intent is to alternate rapidly 
between the activities performed and therefore, generating sudden movements. These 
activities 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 an eraser, it had to be cleaned by 
the subject. The subjects produced sudden movements due to the nature of the activity 
of cleaning. 

• Making a sandwich: a few ingredients were scattered around a room to create sudden 
and non-patterned movements. The subjects were asked to make a sandwich by 
choosing the ingredients they saw fit. 

7.3.1.3 Free Activities 
Three activities were defined for this element. The activities were chosen because they 
generate a series of free movements when performing them: 

• 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 (two 
minutes), in order to cover some of the sample shortage in this category. 

• Running like “Homer in Land of Chocolate”: This combination of activities 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 7.2. This activity was performed for one minute. 

• Walking like “Sound of Music”: This activity is based on the beginning of the classic 
film “The Sound of Music”. The idea is to collect free movement as shown in Figure 
7.3. This activity was performed for one minute. 
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Figure 7.2. Homer in the Land of Chocolate. 

 
Figure 7.3. The Sound of Music. 

7.3.2 Collecting Data 
Ten healthy subjects participated in the data collection. The participants were students at 
Luleå University of Technology. Information about the subjects is presented in Table 7.1 
below. 

         Mean Standard Deviation 

Height (m)           1,75 0,07 

Weight (kg)          70,97 4,03 

Age (years)          27,20 4,80 

Right handed 1,00 0,00 

Body Mass (kg/m^2)         23,11 1,95 

Female                 4 

Male                 6 

Table 7.1. Subjects’ information. 

The subjects were equipped with three Shimmer wireless sensors (Shimmer 2R, Realtime 
Technologies, Dublin, Ireland) placed at the chest, thigh and wrist, as shown in Figure 7.1. 
The Shimmer sensors were fixed to the body using elasticized strapping and holsters. This 
is a common method of attachment in activity recognition studies [11]. The thigh and wrist 
sensors were placed depending on whether the subject was left handed or right handed (in 
the dominant side of the body), and also aligned to the chest sensor. The subjects were also 
equipped with a smartphone using a sport’s armband on the non-dominant arm, and with a 
stopwatch to notify them when to stop performing the activity. The shimmer sensor allows 
ranges of acceleration of ±1.5 g and ±6 g. It is stated in [22] that ±2 g was insufficient to 
determine vigorous exercise, while other studies have shown that the use of ±6 g 
acceleration range can be sufficient [23] [24]. The range of acceleration was therefore set to 
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±6 g. The sampling rate of the Shimmer sensor was set to 10 Hz, which is considered to be 
sufficient for detecting daily activities from accelerometer data [14] [15]. 

A video of 3 min was prepared beforehand to demonstrate the activities that the subject had 
to perform. The focus of the video was on the free movements as it is not common to 
perform such movements on a daily basis. The video was played to each subject separately, 
and then the subject was asked to perform the 23 activities of one minute each (except for 
the dancing activity, which is performed for 2 min). The data was transmitted via Bluetooth 
to the mobile device that the subject had attached to the arm, where it was saved for later 
offline analysis. The raw acceleration data was labeled after each activity based on the 
performed movement. The subjects were asked from time to time to give feedback on the 
position of the sensors on their bodies. In addition, the position of the sensors was checked 
after each activity, and a correction was made when needed. The list of the performed 
activities by each subject is summarized and shown in Table 7.2 below. The number of 
samples refers to the ones collected from each location (chest, wrist and thigh). 

Laban Element Activities Time (min) 
per activity 

Samples 
per 

activity 

Total samples 
per element 
from each 
location 

Sudden 

Finding a cell phone - Putting 
shoes on and taking them off - 
Getting dressed - Simon says – 
Cleaning - Making a sandwich 

1 ≈600 ≈3600 

Sustained 
Walking – Running – Standing 

– Sitting - Stairs up - Stairs 
down – Lying - Cycling gear 2 

1 ≈600 ≈4800 

Strong 

Carrying Heavy Stuff and a 
backpack and performing: 

Walking – Running – Stairs up 
- Stairs down – Cycling gear 3 

1 ≈600 ≈3000 

Light 
Walking – Running – Standing 

– Sitting - Stairs up - Stairs 
down – Lying - Cycling gear 1 

1 ≈600 ≈4800 

Free 

Dancing - Running like 
"Homer in the Land of 

Chocolate" - Walking like 
"The Sound of Music" 

1, except 2 
for dancing 

≈600, 
except 
≈1200 

for 
dancing 

≈2400 

Bound 
Walking – Running – Standing 

– Sitting - Stairs up - Stairs 
down – Lying - Cycling gear 2 

1 ≈600 ≈4800 

Total number of samples per subject for all 6 elements from each location ≈23400 

Table 7.2. Activities performed by each subject. 
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7.4 Data Processing 

7.4.1 Feature Extraction 
As shown in Table 7.2, the total number of acceleration samples was around 23,400 per 
subject from each location. Having 10 subjects produces around 234,000 samples for all 
types of movement from chest, wrist and thigh. Features were extracted from the raw 
acceleration data using a window size of 128 samples with 64 samples overlapping between 
consecutive windows. This represents 12.8s of data per window. A 50% window overlap 
has been deemed sufficient to compute the features [10], and the window size was selected 
in a trade-off between fast computation of the data and the ability to accurately determine 
cyclic movements [7] [25] [26] [27]. Eighteen features were extracted from each window, 
giving a total of 34 attributes. Table 7.3 below presents all the extracted features. 

Feature no. Feature description 

1 Acceleration Vector Magnitude (Length) value over 3 axes 

2 Mean value for each axis (x, y, and z) 

3 Average Mean value over 3 axes 

4 Mean value over Length attribute 

5 Root Mean Squared (RMS) value for each axis (x, y, and z) 

6 Average RMS value over 3 axes 

7 RMS value over Length attribute 

8 Standard Deviation (STD) value for each axis (x, y, and z) 

9 Average STD value over 3 axes 

10 STD value over Length attribute 

11 Skewness value for each axis (x, y, and z) 

12 Average Skewness value over 3 axes 

13 Kurtosis value for each axis (x, y, and z) 

14 Average Kurtosis value over 3 axes 

15 First 5 Fast Fourier Transform (FFT) value for each axis (x, y, and 
z) 

16 Spectral Energy value for each axis (x, y, and z) 

17 Average Spectral Energy value over 3 axes 

18 Principal Frequency value for each axis (x, y, and z) 

Table 7.3. Features extracted from each window of raw acceleration data. 

The extracted features are a combination of time-domain (features 1 to 14) and frequency-
domain (features 15 to 18). Time-domain features grant the possibility of differentiating 
dynamic movements from static ones [13] [27]. Frequency-domain features are essential for 
identifying patterns within acceleration data, which aids in discriminating vigorous from 
moderate movements [10] [28]. 
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Features 1–14 are standard statistical metrics. For feature 15, it has been concluded in [27] 
that FFT components have a greater assessing ability than other features. The authors in 
[27] analyzed which number of FFT components maximizes the classification accuracy 
attained, where the first five FFT components were used. Feature 16 (Spectral energy) is 
calculated as the sum of the squared FFT components within the chosen window. 
Afterwards, the result obtained is normalized employing the window length. This feature is 
particularly relevant when assessing the energy expenditure of a subject while moving [8]. 
For the last feature (feature 18), it is well known that when a subject performs an activity, a 
certain range of frequencies is generated [26]. Making use of the main frequency feature 
may prove useful in determining various types of movements. 

7.4.2 Feature Selection 
To avoid redundant or irrelevant features, feature selection was done over the set of the 
extracted features. A filter method (InfoGain) was used to obtain the best set of features 
that provides the highest accuracy and minimizes overfitting [29]. To do that, the collected 
data was first organized based on the location of the accelerometer and the subcategory 
within LMA. For instance, acceleration data collected from the chest sensor labeled as 
Strong or Light (for all 10 subjects) was grouped together in 1 file. This was repeated for 
each location (chest, wrist, thigh) in combination with each subcategory (Strong—Light, 
Sudden—Sustained, Bound—Free). This procedure created nine files that represent 
(location-subcategory). 

InfoGain method creates a ranking of the most relevant features based on the information 
obtained with respect to the class evaluated [30]. For each combination (location-
subcategory), the 34 attributes were ranked using the InfoGain method. The features were 
then divided into different subsets recursively based on the previous raking using the 
Bisection algorithm [31]. Those subsets were tested later using the classification models to 
find the subset that gives the best accuracy. All attributes were used if there was no subset 
that gave better results. Finding a subset with the most relevant features increases the 
accuracy and decreases the computation time. 

7.4.3 Classification models 
Eight machine-learning classifiers have been evaluated based on their classification 
accuracy: Naïve Bayes [13] [15], C4.5 [11] [15] [32], Logistic Regression [32], Support 
Vector Machine (SVM) [22] [33], K-Nearest Neighbour [14] [27] [33], Random Forest [33] 
[34], Boosting [15] [33] and Bagging [33] [34]. These classifiers have been implemented in 
previous works, and they have shown good results that vary based on the nature of the 
study. The WEKA data mining software (Version 3.6.7, University of Waikato, Hamilton, 
New Zealand) has been used to build the classifiers. WEKA supports several standard data 
mining tasks, more specifically, data pre-processing, clustering, classification, regression, 
visualization, and feature selection [35]. 

The extracted features were tested with the chosen classifiers to select the best features for 
each combination (location-subcategory). After selecting the best set of features for each 
combination, Leave-one-subject-out cross validation (LOOCV) [10] was used to train each 
classifier on nine subjects and uses the subject excluded for testing. This procedure was 
repeated ten times (one per subject) excluding a different subject each time. The average of 
the results was calculated to give the accuracy of the classifier in detecting the right 
movement. Leave-one-subject-out cross validation guaranties that there will be no 



 

 

Analyzing Body Movements within the Laban Effort Framework Using a Single Accelerometer 

121 

overlapping data between the training set and the test set, which will generally give more 
realistic results. 

7.5 Results 
The eight classifiers were tested using Leave-one-subject-out cross validation (LOOCV) for 
each subcategory within the Effort category. The collected data by the 10 subjects was used 
for training and testing each classifier. The level of accuracy was different among various 
classification methods and locations. Table 7.4 presents the results for (Strong—Light), 
Table 7.5 for (Sudden—Sustained) and Table 7.6 for (Bound—Free). Each row in each 
table represents the level of accuracy obtained when using a single accelerometer placed at 
a specific location on the body. 

 Naïve 
Bayes C4.5 Logistic 

Regression SVM K-
Nearest 

Random 
Forest Boosting Bagging 

Chest 64.12
% 

70.39
% 68.94% 68.35

% 66.00% 72.35% 62.25% 70.52% 

Wrist 74.24
% 

79.92
% 77.85% 78.17

% 78.94% 83.05% 79.53% 79.62% 

Thigh 60.77
% 

72.13
% 66.55% 64.85

% 66.84% 73.78% 63.85% 76.34% 

Table 7.4. Classification accuracy for (Strong—Light) using LOOCV. 

 Naïve 
Bayes C4.5 Logistic 

Regression SVM K-
Nearest 

Random 
Forest Boosting Bagging 

Chest 78.15
% 

82.85
% 86.89% 87.46

% 85.15% 87.51% 84.44% 84.55% 

Wrist 78.14
% 

79.69
% 81.66% 82.26

% 83.39% 84.34% 78.84% 78.25% 

Thigh 49.20
% 

71.87
% 66.03% 64.78

% 75.39% 73.97% 72.45% 73.86% 

Table 7.5. Classification accuracy for (Sudden—Sustained) using LOOCV. 

 Naïve 
Bayes C4.5 Logistic 

Regression SVM K-
Nearest 

Random 
Forest Boosting Bagging 

Chest 80.94
% 

81.15
% 85.13% 85.46

% 84.27% 85.81% 81.99% 83.19% 

Wrist 76.87
% 

80.63
% 87.19% 87.31

% 82.33% 86.20% 83.04% 84.58% 

Thigh 69.73
% 

72.63
% 79.70% 80.05

% 75.98% 80.23% 80.31% 74.16% 

Table 7.6. Classification accuracy for (Bound—Free) using LOOCV. 
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The best classifier for each location, in terms of accuracy, is marked with bold text in the 
previous tables. In addition to the classification accuracy, the F-measure value was 
calculated. The F-measure was used as a performance index to evaluate how reliable these 
results are. It is a combined metric that combines precision and recall as presented in 
Equation (7.1): 

 
(7.1) 

Precision is the proportion of instances which truly have class x among all those which 
were classified as class x. For instance, a precision 0.85 means that 85% of the returned 
documents were relevant. 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 [30]. Ideally the best classifier would give an 
accuracy of 100% and an F- measure value of 1. Table 7.7 below presents the best 
classifiers based on the previous tables, including the F-measure values. 

 Strong—Light Sudden—Sustained Bound—Free 

 Best 
classifier 

Accuracy Best 
classifier 

Accuracy Best 
classifier 

Accuracy 

F-measure F-measure F-measure 

Chest Random 
Forest 

72.35% Random 
Forest 

87.51% Random 
Forest 

85.81% 

0.722 0.875 0.8559 

Wrist Random 
Forest 

83.05% Random 
Forest 

84.34% 
SVM 

87.31% 

0.8259 0.8422 0.8694 

Thigh Bagging 
76.34% 

K-Nearest 
75.39% 

Boosting 
80.31% 

0.7566 0.7462 0.7877 

Table 7.7. The accuracy and the F-measure value for the best classifiers for acceleration data 
obtained from each location. 

In light of these results, Table 7.8 below summarizes the best placement of an 
accelerometer for detecting each subcategory within the Effort category.  

 Strong—Light Sudden—Sustained Bound—Free 

Best Location 
Wrist (Random Forest 
83.05%, F-measure = 

0.8259) 

Chest (Random Forest 
87.51%, F-measure = 

0.875) 

Wrist (SVM 87.31%, 
F-measure = 0.8694) 

Table 7.8. Best location to place a single accelerometer to detect subcategories within the Effort 
category. 

Based on Table 7.7 above, it is also possible to calculate the average accuracy of each 
location for detecting all subcategories within the Effort category. Table 7.9 shows the 
average accuracy that can be obtained from a single accelerometer for detecting all 
subcategories. 
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 Strong—Light Sudden—Sustained Bound—Free Average accuracy 

Chest 72.35% 87.51% 85.81% 81.89% 

Wrist 83.05% 84.34% 87.31% 84.90% 

Thigh 76.34% 75.39% 80.31% 77.35% 

Table 7.9. The average accuracy for each location to detect all subcategories within the Effort 
category. 

7.6 Discussion 
This section discusses the results of the efforts with respect to the research questions. 
Firstly, it is important to note that even though the aim of LMA is to standardize the 
classification of human movement, there is room for interpretation within this framework. 
Differentiating between Strong—Light, Sudden—Sustained, and Bound—Free movements 
is a matter of subjective opinion. While the baseline may differ between individuals, the 
difference between movement types should be easily separable. Making the baseline 
configurable should therefore reveal quantifiable thresholds that would allow differentiating 
between movement types. The presented results in this article discuss the analysis of human 
movement based on the definition of movements, listed in Section 7.1, and the definition of 
activities, listed in Section 7.3.1. These results might differ if an expert has a different 
opinion of what each type of movement could be. In addition, movement-based recognition 
differs from the common activity-based recognition systems. There are many examples of 
applications that can benefit of using LMA instead of using activity-based recognition 
systems. While an activity-based system focuses on the exact activity performed by the 
subject, LMA can give an overview of the subject’s state and situation by analyzing the 
movements of the body. For instance, analyzing body movements of patients with physical 
injuries to help doctors follow the progress of the therapy. 

The introduction section presented two research questions that have been discussed and 
addressed in this article. The first addressed question is: “What level of accuracy can be 
achieved in detecting body movements within the Effort category using a single 
accelerometer?” 

As demonstrated in Tables 7.4, 7.5 and 7.6, the level of accuracy differs between 
classification methods and locations. In fact, the contents of these tables answer the first 
research question. For example, it is presented in Table 7.4 that the level of accuracy for 
detecting Strong—Light from the chest sensor range from 62.25% to 72.35% depending on 
the used classifier. This range is different when the aim is to detect other subcategories 
within the Effort category. As shown in Tables 7.5 and 7.6, the level of accuracy obtained 
from the chest sensor range from 78.15% to 87.51% for Sudden—Sustained and from 
80.94% to 85.81% for Bound—Free, respectively. It is also noted that the worse/best 
classifier differs depending on the selected location and the target movement. The achieved 
level of accuracy leads to answer the second research question. 

The second addressed research question in this article is: “Which are the best machine-
learning techniques and the best placement for an accelerometer to accurately classify 
each type of movement within the Effort category?” 
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As it is presented in Table 7.7, the Random Forest classifier yielded the best results for the 
chest sensor in detecting all subcategories. The Random Forest was also the best classifier 
for the wrist sensor in detecting Strong—Light and Sudden—Sustained, while the best one 
for detecting Bound—Free movements is the SVM classifier. Even though SVM gave 
better results than Random Forest in detecting Bound—Free from the wrist data, the 
difference was small with a slight difference (87.31%, F-measure = 0.8694, for SVM, and 
86.20%, F-measure = 0.8687, for Random Forest). It is therefore possible to use the 
Random Forest classifier with the chest and wrist sensors for detecting all subcategories 
within the Effort category. However, the best classifiers to classify data from the thigh 
sensor were Bagging for Strong—Light, K-Nearest for Sudden—Sustained and Boosting 
for Bound—Free. The choice of the classifier should therefore depend on the location of the 
accelerometer and the target movement. In addition, the classifiers’ level of accuracy gives 
an indication of which is the best/worse suitable location to place an accelerometer for the 
purpose of detecting body movements. 

For the best accelerometer placement between (chest, wrist and thigh), it is shown in Table 
7.8 that the thigh location did not yield a best result for detecting any of the movements. 
The wrist was the best location for detecting Strong—Light and Bound—Free movements. 
However, the chest sensor gave the best results for detecting Sudden—Sustained. As a 
result, a single accelerometer should only be placed at the chest if the aim of the study is to 
detect Sudden—Sustained, and at the wrist for the other two subcategories. However, the 
wrist would be the best place if the aim were to detect each one of the subcategories 
simultaneously within the Effort category using a single accelerometer. This is shown in 
Table 7.9, as the wrist data gave the best average accuracy for detecting all subcategories 
simultaneously, with a value of 84.90%. In conclusion, the Random Forest classifier would 
be the best choice with an accelerometer placed at the wrist for the aim of detecting body 
movements within the Effort category. 

The study shows that it is feasible to use a single accelerometer to analyze body movements 
within the Laban Effort Framework. This result is good because using a single 
accelerometer will reduce the burden of carrying multiple sensors in wearable systems, 
which makes such systems easier to use. For instance, a lifelogging system can utilize a 
single accelerometer placed at the wrist to analyze the body movements of the subject. This 
analysis can contribute into logging the life of the subject using a minimal set of equipment. 

7.7 Conclusions and Future Work 
This paper investigated the level of accuracy obtained when classifying body movements 
within the Effort category of Laban Movement Analysis using a single accelerometer. For 
this purpose, eight classifiers were tested on three separate body locations. Results show 
that in order to separately classify each subcategory (i.e. Strong—Light) within the Effort 
category, both the best location and classifier vary from one subcategory to another. The 
wrist placement and the Random Forest classifier are the “best location” and “best 
classifier” respectively, since they are both the best at classifying body movements in two 
of the three subcategories. The results also demonstrate that the most successful 
classification is achieved for Sudden—Sustained, followed by Bound—Free and then 
Strong—Light. 

The obtained results show that body movement can be classified within three subcategories 
of the Laban Movement Analysis Effort category with reasonable accuracy when using a 
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single accelerometer. Future work should investigate this classification in an uncontrolled 
environment, where the subject would perform the movements naturally without 
instructions. Future work should also investigate the classification of body movements 
within the Direct—Indirect subcategory that has been left out of this study. For this 
purpose, an additional GPS subsystem should be employed. It is also important to focus on 
implementing the presented results within a lifelogging system that can take advantages of 
the analysis of body movements using a single accelerometer. 
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8.1 Discussion 
This doctoral thesis presents technologies that can be used in digital reminiscence systems, 
such as techniques to improve activity recognition using a small set of equipment. The 
envisioned reminiscence system can be used by anyone for lifelogging purposes, but the 
focus for this thesis has been to support persons with memory impairments, such as persons 
with mild dementia. Their need of reminiscence therapy has been a driving factor 
throughout the work and has contributed to an emphasis in providing a system that is easy 
to use and that does not encumber the users with too many devices. 

8.1.1 On the research questions 
This section provides a discussion on the research questions, which are presented in section 
2.3. 

R1. Which lifelog entities need to be captured and displayed in a digital reminiscence 
system? 

The definition and selection of lifelog entities happened early in the design process and 
have affected the entire design of the reminiscence system. Note that this thesis proposes 
key lifelog entities for designing a digital reminiscence system that utilizes a minimal set of 
sensors and devices yet is capable of supporting a user with cued recall of past activities. In 
addition, note that the design of an "easy to use" reminiscence system for persons with mild 
dementia is a design suited for most of us, and that nearly anyone can use a digital 
reminiscence system to log his life for later review and recall of life experiences.  

Definition and selection of lifelog entities 

Lifelog entities need to be captured, filtered, and processed to extract information that is 
significant for building a digital reminiscence system. These lifelog entities can be 
categorized into context and content. The lifelog entities related to context provide 
information about time, places, persons, and items, in addition to activities. Note that 
activities can be derived from all other lifelog entities as well as user input. The lifelog 
entities related to content are inherently based on raw data that in some way needs to be 
filtered by the system to be manageable, such as images, audio, and video.  

An important aspect of designing a digital reminiscence system for persons with mild 
dementia is limiting the number of devices required and simplifying the overall system. 
This not only limits the lifelog entities that can be captured during the person's day, as the 
person cannot carry or wear too many devices, but also involves serious usability 
considerations. Simplicity was therefore a general design principle throughout the work on 
designing the digital reminiscence system, and system experts were involved early to 
provide vital input into the design process. For example, the system experts indicated that 
the representation of the day does not need to be precise in terms of the exact activities of 
the person with mild dementia. It is more important to provide an overview that supports 
cued recall of memories using reminiscence therapy, which involves a discussion of past 
activities during the day of the person. 

Imaging was the only lifelog entity related to content that was selected for the system, as 
images can be used to visualize activities in an intuitive way (as sequences or selections of 
images) and are comparably simple to handle. Audio was discarded as content for the 
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reminiscence system, since the system experts suggested that audio data is generally 
considered more sensitive than images when reviewing the day. Recording audio would 
also affect the usability and acceptance of the final system (additional privacy issues, 
complexity added by multi-modality, etc.). Video was discarded as content for the same 
reasons as audio. After all, the system experts preferred limited representation as long as 
the reminiscence therapy was effective (using cued recalls during discussion about the daily 
activities of the person with mild dementia).  

Three lifelog entities related to context were selected, namely places, persons, and 
activities. Time was also selected as important contextual data and a common denominator, 
as all captured images are time-stamped, which allows automatic association with time-
stamped context. Visited places can be derived by clustering time-stamped location data, 
which can be provided by a GPS device. Persons are key to conveying semantic meaning, 
and they can be detected through image analysis, positioning using short-range radio (such 
as Bluetooth), or simply by adding information manually when reviewing a person's day. 
Places and persons were also found by the system experts (this was supported by a 
literature study) to be of a particular importance for structuring the day of a person with 
mild dementia. Activities are derived from the other lifelog entities and are used for 
organizing a person's day, such that an activity is associated with places and persons as well 
as images. 

In conclusion, the key lifelog entities in a digital reminiscence system for persons with mild 
dementia are content as time-stamped images and context as places, persons, and time-
stamped activities. This allows the system to visualize the activities of a person in order for 
him to reminisce about his daily life in an easy way [66]. 

Capturing lifelog entities 

The device selected for image capture was the ViconRevue SenseCam device, which is 
typically worn around the neck and captures images periodically as well as when triggered 
by one of the built in sensors (light, motion). A smartphone was used for logging places 
derived from GPS data, and nearby persons were identified from the Bluetooth addresses of 
their mobile devices. A wristband accelerometer was used to log acceleration data that were 
used to improve the activity recognition task. All devices logged time-stamped data. It was 
important that these devices were relatively synchronized for the data to be successfully 
associated after transfer.  

Note that images are filtered while being transferred to the system. Low-level analysis of 
image features is implemented to filter dark, blurry, and similar images. Those filters are 
implemented consecutively to avoid extra operations within the system. Images, that are not 
dark or blurry, are compared sequentially and clustered in groups based on similarity; then 
the system removes all except the middle image from each group. This is done to reduce the 
number of images significantly so that the daily activities are represented as a smaller 
number of images [67]. 

This setup makes it possible to capture the key lifelog entities using a SenseCam device, a 
smartphone, and a wristband accelerometer. Note that the more recent Narrative Clip is 
much smaller than the SenseCam device, and it could replace the SenseCam. It is also 
possible to emulate some of SenseCam's functionality by developing software for a mobile 
device such as the HTC Touch Cruise. This device was used as a logging device worn 
around the neck before the SenseCam device was available to automatically capture 
images, Bluetooth MAC addresses, and GPS data. Using a single device for multiple 
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purposes like this reduces the required sensors in the digital reminiscence system to a 
mobile device and a wristband accelerometer. 

R2. How can lifelog entities be described as activities? 

The main objective of the digital reminiscence system is to visualize a person's lifestory, 
which is represented by activities associated with images and semantic information. The 
activities are derived from the captured lifelog entities, and the derivation process is a 
central part of the digital reminiscence system. It is very important that the derived 
activities contain contextual information (places, persons, etc.) so that they are easily 
searchable. The activities also need to be organized such that a good overview of the 
lifestory is provided to the person and each logged activity is easily accessible. This 
research question therefore focuses on how to derive activities from lifelog entities and how 
to visualize lifestories as activities in order to support a person's review and recall of life 
experiences. 

Derivation of lifelog entities 

The derivation of the lifelog entities will start after transferring the captured data to the 
digital reminiscence system. Since recognition of activities requires advanced matching and 
recognition algorithms, they are discussed separately in the next sub-section. 

Places: The captured GPS data (locations) are utilized to identify places by a clustering 
algorithm, or by matching data against user defined areas with geographical boundaries. 
The algorithm clusters locations that are close to each other and then presents it as a context 
lifelog entity place. This is further discussed in research question R3. The digital 
reminiscence system will then detect places by calculating whether a captured GPS point 
belongs to any of the identified or previously defined places. A group of GPS points that 
are captured sequentially in the same place will thus indicate a visit to that place.  

Persons: The captured Bluetooth MAC addresses (from other devices) are processed in 
order to identify persons (if they are carrying these devices). The system assumes a meeting 
with another person if a Bluetooth device of a known person is within range. The identified 
person is then stored as a context lifelog entity in the digital reminiscence system. One flaw 
is that persons frequently turn off their Bluetooth unit to save energy or avoid detection. 
The new Bluetooth Low Energy standard will reduce the need to turn off the unit to save 
energy, but users avoiding detection will likely always reduce the effectiveness of this 
method to detect persons.  

It is also possible to use image analysis in order to recognize faces of persons in the 
captured images. This, however, requires good lighting conditions, decent image resolution, 
and advanced techniques in order to get reasonable results. The SenseCam device only 
captured low-resolution images because of limited storage, but newer devices, such as the 
Narrative Clip, are able to capture higher quality images. However, face recognition is still 
difficult in uncontrolled environments and is also quite CPU intensive. It could therefore be 
interesting to study optimization techniques, such as detecting that it is the same person 
being featured on a sequence of images, and then running the face recognition algorithm on 
the picture with the best conditions (quality, lighting, etc.). This, however, is outside the 
scope of this thesis. 

Images: the captured images by SenseCam are transferred and stored after filtering as 
content lifelog entities. 
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Activity recognition 

Known places and known persons can be used to automatically recognize activities. A 
matching algorithm searches for time-based correlations, based on the fact that all lifelog 
entities are derived from time-stamped data, with activities annotated with "in a place" 
and/or "with a person" elements as the output. The system can thus create narrative threads, 
such as "in the park with Johan" to describe an activity. Associating such semantic meaning 
with the activities will simplify the interaction between the person and the system, and it 
will improve the construction of the lifestory. 

The captured acceleration data are analyzed to determine a person's body motions. A digital 
reminiscence system can use this motion information to improve the activity recognition 
and to add semantic information to the activities. A wrist-worn accelerometer can provide 
data for detecting activities such as "walking," "running," and "standing". For example, an 
activity related to time and motion could then be "walking in the park with Johan at night". 
This is yet to be fully implemented in the proposed digital reminiscence system, as only the 
motion analysis was studied in this thesis. The use of accelerometer data is discussed 
further in research question R4. 

Aggregation 

The last step of the activity recognition involves associating them with content as well as 
context. Images are associated with the recognized activities, again based on the time of 
capture. Periods of time when there are content data (images) but no context data (unknown 
place and unknown persons) are also shown as activities with images but without context, 
which instead can be entered manually during the reviewing process. This will allow the 
creation of the lifestory based on images, time, places, persons, and activities. The digital 
reminiscence system has a review client that can be used to visualize the activities and the 
other lifelog entities. 

Reviewing activities 

The review client offers the possibility to edit the lifelog entities so that the user can correct 
errors, add data from external sources, discard data, and save what is of interest for later 
retrieval. For instance, the user can set a place for an activity by choosing a place from the 
list of known places in the system. The user can also add new places and new persons to the 
lifestory while reviewing it, which will improve the system's knowledge about the user's 
contextual data. This will reduce the intervention needed by the user in creating the 
lifestory in the future and will improve interaction with the system. Since the day is listed 
as a chronological sequence of activities, the review client also allows the user to merge 
activities if needed. After reviewing, the activities will be annotated by images captured 
during each of the activities. The activities will also have a semantic meaning based on the 
place, persons who were present, and manual input, such as additional comments and 
descriptions.  

R3. How can location data be utilized to identify places and recognize activities? 

Research question R2 discussed the detection of visited places if the visited place was 
already known in the system. The location data, represented by GPS points, is used by the 
system to calculate if a GPS point belongs to a known place, which is represented by a 
geographical area. All the GPS points that are collected sequentially in the same known 
place are clustered together and defined as a possible activity, such as "In the office." This 
approach works well if the place is already known in the system but not for unknown 
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places. Therefore, the automatic detection of new visited places will improve the activity 
recognition task.  

Improving place recognition  

It is possible to use advanced techniques to define new visited places based on GPS data 
even if the system does not have prior knowledge of the visited place. GPS points collected 
during a day are proposed to be grouped in clusters, which represent places using a density-
based clustering algorithm called Density-Based Spatial Clustering of Applications with 
Noise (DBSCAN). The algorithm parameters are the Radius, the range around a point 
where other points in that range are considered neighbors, and minPts, minimum number of 
neighbors that a point needs in order not to be identified as noise. After the clusters are 
identified, the system constructs a convex hull to estimate the geographical boundaries of 
the expected places. The experiment indicates that having the Radius value of 39.2 meters 
and the minPts value of three points gives the best results in defining clusters that 
correspond to real-life places visited by the user [68]. If the user confirms a cluster as a 
place, the system will save the coordinates of the cluster's boundaries so that the place will 
be known and detected automatically by the system if the user visits it again. 

Improving activity recognition 

Periods of time that the user spends in the same place can be seen as activities done by the 
user in that place. Activities are inferred based on the essential places that were defined 
using the DBSCAN algorithm. Clusters that represent places might also represent activities 
in those places. An activity is thus defined by a group of GPS points that have been 
collected sequentially in the same place, where the activity ends when the user leaves the 
place. Inferring activities is done by decomposing all place clusters into sub-clusters that do 
not overlap in time, where each sub-cluster represents an activity [68]. The timeframe of 
each activity is the time between the earliest point and the latest point in the sub-cluster. If 
the user confirms a sub-cluster as an activity, the system will add it to the lifestory and 
make it available for later retrieval. The activity will be associated with the captured 
SenseCam image that corresponds in time. The user is also expected to label activities or 
add a description that gives an indication of the performed activity. For instance "having a 
meeting in the office" or "working on the computer in the office." Those activities can be 
labeled differently even though they happened in the same place. 

Based on the discussion above (research questions R2 and R3), the system will first transfer 
all collected GPS points during the day of the user. The algorithm will compare each GPS 
point with all previously known places. If the point belongs to a known place, the algorithm 
will remove it from the input set, but keep it for recognizing activities later on. If the point 
does not belong to a known place, the algorithm will keep it in the input set for clustering. 
The GPS points in the input set are then clustered and aggregated regardless of time. Such 
clusters are signs of places where the user spent a significant amount of time. GPS points 
that are collected sequentially in the same place (either it is a new recognized place or a 
previously known one) will give an indication of a possible activity. This approach is good 
as it relies solely on time-stamped location data. Location and time are easily accessible 
sources of context information that can be logged by, for example, a mobile phone. This 
means that the user can log this data with an application installed on his phone without a 
need of carrying extra equipment. The data will be then used by the system to improve the 
reviewing process and the activity recognition in the lifestory. 
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R4. What is the best accelerometer placement for activity recognition and body 
movement analysis? 

Accelerometers are small, lightweight, consume low levels of power, and be low cost, 
which makes them suited to wearable applications. This question discusses the best 
placement when using accelerometers in order to recognize activities and to analyze the 
body movements of the user in the digital reminiscence system. Both activity recognition 
and body movements analysis will improve the reasoning about the user's daily life, which 
will improve the activity recognition task. For instance, sitting/walking can be detected 
from acceleration data and added to an activity of being with someone in a specific place. 
Then the system can infer more information about the user's activity at that moment.  

Optimal placement of a single accelerometer for recognizing everyday activities 

The acceleration signal recorded from the body depends upon the location of the sensing 
device and the activity being performed. Acceleration data can therefore be used to reason 
about the performed activity by the user. Everyday activities that are investigated in this 
thesis include walking, jogging on a motorized treadmill, sitting, lying, standing, and 
walking up and down stairs. Data were collected from six wireless tri-axial accelerometers 
placed at the chest, wrist, lower back, hip, thigh, and foot. The highest accuracy in detecting 
the chosen activities was achieved when using data from the hip with an average accuracy 
value of 97.81%. The hip is therefore the best placement for a single accelerometer for 
detecting the studied range of everyday activities [69]. It is noted that the accuracies in 
detecting activities were slightly different between different placements. For example, the 
data from the chest placement gave an average accuracy value of 96.91%, while the data 
from the wrist placement yielded an average accuracy value of 95.88%. It is also important 
to note that there are other issues to consider in wearable technology, such as user comfort. 
Key considerations include where the device can be placed to allow it to function correctly 
while not impinging on a user's activity. This is a major issue when logging life on daily 
basis, as the user is expected to have the sensor all day long. Even though the hip gave the 
best results, other placements such as chest or wrist can still be considered good enough for 
detecting everyday activities. The choice of placement should be convenient to the user, 
taking into account that the accuracy differences between placements for detecting 
everyday activities are small.  

Optimal placement of a single accelerometer for analyzing body movements 

The movements of the body usually form a synchronized pattern when performing 
activities. Those patterns can be analyzed and described in the framework of Laban 
Movement Analysis (LMA). LMA is divided into four categories: body (total-body 
connectivity), effort (energetic dynamics), shape, and space. The investigated categories of 
the body movements in this thesis belong to the Laban Effort Framework. The work 
focuses on three subcategories within the Laban Effort Framework, which are: Strong—
Light, Free—Bound, and Sudden—Sustained. The study shows that it is possible to analyze 
the body movements of the user by using a single accelerometer sensor. However, the level 
of accuracy in detecting the movement within each subcategory differs between the used 
classification methods and the placement of the accelerometer. The wrist placement is the 
best one between (chest, wrist, and thigh) for a single accelerometer for detecting Strong—
Light and Free—Bound movements, while the chest placement gave the best results for 
detecting Sudden—Sustained [70]. A single accelerometer should therefore only be placed 
at the chest if the aim of the study is to detect Sudden—Sustained, and it should be placed 
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at the wrist for the other two subcategories. However, the wrist data had the best average 
accuracy for detecting all subcategories simultaneously. As a result, the wrist would be the 
best placement if the aim were to detect each one of the subcategories simultaneously 
within the effort category using a single accelerometer. 

Combining acceleration data from different placements 

Combining acceleration data from different placements at the body did not show a 
significant improvement in accuracy when detecting everyday activities [69]. The 
accelerometers were placed at the chest, wrist, lower back, hip, thigh, and foot. All possible 
combinations of two, three, four, five, and six placements were generated. The average 
accuracy values of all combinations are presented in Part 6 in this thesis. Since the accuracy 
differences were trivial among different placements and considering the issues of 
wearability and usability, it is concluded that using a single accelerometer would be best in 
a digital reminiscence system. 

Optimal placement of a single accelerometer in a digital reminiscence system 

Combining activity recognition and body movement analysis using accelerometers 
indicates that the wrist is the best placement for a single accelerometer in a digital 
reminiscence system. This placement gave good results both for recognizing activities and 
for analyzing body movements. It is also more common to wear gadgets on the wrist, such 
as watches and bracelets, than on other placements on the body. In addition, the acceptance 
of wearing a wristband was evaluated in a nursing home with a lead user who has dementia. 
The user was happy to wear the wristband and the results from the field test were positive. 
However, the test should be expanded with more users to obtain robust results regarding the 
acceptance of wearing the device at the wrist.  

As a result, a single accelerometer placed at the wrist would be a good choice to add in a 
digital reminiscence system. This will have several benefits as follows: 

• Easy to collect data as it is a single sensor placed at the wrist. 

• It is cheap, lightweight, and has low power consumption. 

• It will improve reasoning when creating the digital lifestory of the person. 

8.1.2 The Systematic View 
This doctoral thesis presented a digital reminiscence system that consists of mobile devices 
that capture content (images) and context (places, persons, and activities) and a review 
client that visualizes the lifelog entities for reminiscence purposes. The system consists of a 
minimal set of equipment to simplify the usage and to avoid hindering normal everyday 
activities. A mobile phone, a wristband, and a wearable camera are sufficient for logging 
the user's day. The review client gives the user a digital visualization of the lifestories. The 
user can later use this visualization to recall life experiences based on What (activities), 
When (time), Where (places), or Who (persons). For example, the user can review all 
activities that happened in the medical center, or review activities that happened on the 
previous Christmas Eve. The system, as depicted in figure 8.1, follows the process outlined 
earlier in this section. 
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Figure 8.1. The systematic view of the digital reminiscence system. 

The digital reminiscence system has been designed using a user-centric process that 
includes feedback and guidance from technicians and system experts. The operation flow 
has been designed to be easy to understand and operate, so it can be used by persons with 
memory impairment, such as persons with mild dementia [66]. The feedback from real 
users who used the system is further explained in the following section (the holistic 
perspective). 

8.1.3 The Holistic Perspective  
The main motivation of the work was presented earlier in this thesis in section 1.2 as:  

“To design ICT-based interventions that have positive effects on both cognitive decline 
and rehabilitation of memories, such that the perceived quality of life for persons with 
cognitive impairments is increased.”  

The proposed digital reminiscence system was tested with real users to monitor if such 
ICT-intervention brings any positive effects into their life. The system was first deployed 
for 10 users suffering from mild dementia and their carers. Based on the feedback from the 
field test and the literature studies, the thesis indicates that the digital reminiscence system 
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is technically feasible and that activity-based creation of digital lifestories for persons with 
mild dementia is therefore possible. Looking at a wider perspective within society, the 
presented research can be seen as a step towards a wider deployment of lifelogging 
technologies. This concept can be used by any individual who is interested in digitally 
documenting his life. Lifelogging systems will provide a digital calendar or a diary that 
visualizes the life and makes it accessible and searchable. Twelve healthy users also tested 
a prototype lifelogging system that discovers new visited places and infers possible 
activities. The overall reaction of all participants was very positive, indicating that the 
concept is interesting and has an impact on recalling the life experiences. 

The proposed system in this thesis indeed improves social engagements of persons, as their 
reminiscence processes are supported and that their social involvement increases in both 
volume and quality. A person with mild dementia who tested the system said: "I feel more 
alert and energetic." Her husband, who is her carer, described their experience with the 
system: "I would absolutely recommend the system to others who suffer from dementia. To 
review the day in images and talk about it seems to help my wife's memory. I just wish we 
had access to the system earlier. I noticed that my wife likes to clean, decorate and bake as 
she finds those tasks fun again.” Another person with mild dementia mentioned how the 
system affected the quality of her daily conversations with her husband: “Before using this 
system I did not talk much with my husband. There was no real conversation anymore, not 
like it was before when we could sit and talk. But now our conversation has improved when 
we can go back and review what happened during the day.” The system also contributed to 
an increased communication between family members and promoted their relationship. A 
person explained her mother’s experience with the system by: “It felt natural to use this 
system everyday in my mother’s case. Every time we were there the system was activated 
because all of us (children and grandchildren) were interested to look at the photos.” A 
carer also mentioned that the ability of her husband, who has mild dementia, to orient his 
location in the neighborhood was increased with the system: “Sometimes when I want to 
tell him where certain things are I can start from the photos in the system, and I try to 
describe to him what he should look out for when he is out walking.” 

A healthy user who used the prototype system said: “I think it is a very useful device to 
have/carry with you on a daily basis. I see this device and program to be suited for 
persons/jobs with high level of diversity and unknown situations in their daily life. A very 
good use of this memory program would be for policemen, security guards or hospital 
healthcare.” Another user said: "It is interesting to see how much of my life I can 
remember. There are some details that I couldn't tell before reviewing my day by this 
application. This is cool!" 

It can be seen from the feedbacks that such technology has a positive effect on persons' 
lives. Some persons look at it as a memory aid, while others see it as an interesting tool to 
log details of their daily lives. It is therefore concluded that the results presented in this 
thesis can have a positive impact in our society by improving the social involvement and 
engagement of persons. This improvement might in particular has a positive impact on 
persons with cognitive impairment by supporting rehabilitation of memories and decreasing 
the rate of cognitive decline, such that they can stay active and social. This would lead to 
help persons remain longer in their homes, thus postponing the need for institutionalization. 
This is believed to have a tremendous impact on the quality of these persons lives and on 
the society in large, by reducing the strain on their carers (spouses and family) and the 
national health systems. 
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8.2 Conclusions 
This thesis presents how to build a digital reminiscence system based on minimal 
equipment. The reminiscence system supports digital capture of lifestories through activity 
recognition. The hypothesis is that reviewing and recalling activities through a digital 
system will facilitate reminiscence processes, which leads to memory support and to 
improvement in persons’ social engagements. The system captures context and content data 
and organizes it into activities forming digital lifestories. The thesis also presents methods 
to improve the activity recognition task within the digital reminiscence system by utilizing 
location data and acceleration data. This approach facilitates the creation of lifestories 
based on places, people, images, and activities. A key finding is that one accelerometer 
placed at the wrist and one device for capturing location and images constitute a sufficient 
set of devices required to capture digital lifestories. 

The main scientific contributions of this thesis can be summarized as follows: 

• Design of a digital reminiscence system for providing memory support. The interaction 
between the user and the system is simplified and the system requires a minimal set of 
equipment to log the life. The system utilizes reminiscence therapy when reviewing 
and recalling the life experiences through a review client on a touch screen computer.  

• Methods to filter captured images and then organize them as activities. The system 
first defines activities based on prior knowledge of context, and then it annotates their 
content. Listing the life as activities with a combination of context and content makes it 
searchable and retrievable.  

• An approach that uses geographical areas where the user spent a significant time as 
an indication of new places and activities. The presented approach defines places 
based on the density of the collected location data during the day. Activities are then 
inferred based on the identified places and time. This approach is helpful because it 
discovers new places and activities by relying solely on GPS points.  

• Investigating the best placement of a single accelerometer in order to recognize 
everyday activities and to analyze the body movements of the user. The results show 
that the wrist placement is the best for collecting acceleration data, which can improve 
reasoning when creating the digital lifestory. 

8.3 Future Work 
A future research direction is to improve the activity recognition task within the digital 
reminiscence system. This will lead to better representation of the life based on context and 
content. This task includes improving the detection of context data (people and places) and 
the possibility of using content data in combination with context to improve clustering 
algorithms. There is also a need to integrate the acceleration data into the digital 
reminiscence system. Even though the thesis investigates the use of a single accelerometer 
in order to improve the activity recognition task, this needs to be implemented in the system 
and verified by users.  

Another interesting prospect is the possibility of adding new places to the system based on 
a logged image chosen by the user. For instance, the user chooses an image, which is 
captured by a wearable camera, that he wants to keep as representative of a place. Matching 
time-stamped data and then processing context with content to define the possible 
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boundaries of this place is an interesting challenge. The place could be outdoors, such as a 
park, or indoors, such as a shopping mall. 

Reducing the semantic gap is also a challenge to deal with in future work. The semantic gap 
is the difference between the data representation in the system and the real world. This 
problem is closely related to digital lifestories when the aim is to present life in natural 
language based on the logged data. A lifestory is presented in this thesis as activities with 
no linguistic representations. Therefore, improving the representation of the lifestory is a 
challenge that is of interest. For example, the user chooses a specific day, and then the 
system tells the story of this day instead of presenting it as a list of activities. This will 
replace the use of notes and diaries for those who are not interested in writing details about 
their days. 
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