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Summary
Human mobility and activity behavior has been changing over time. People’s lifestyles have been shifted to
sedentary due to aging, urbanization, digitalization, and changing transportation patterns. An inactive lifestyle can
cause several health and financial problems for the society. Therefore, the notion of ‘physical activity’ that
encourages ‘active lifestyle’ and ‘healthy aging’ by fostering opportunities for health, mobility, and social
participation is of utmost importance.
Recently, the tendency to utilize objective methods in physical activity (PA) investigations increased dramatically,
owing to wearable sensors available for continuous daily PA monitoring of individuals. However, most sensorbased PA studies rely on PA intensity (also: PA level) based on accelerometer data collected by young participants
in laboratory environments (i.e., under controlled conditions). Detecting different types of PA in real life provides
detailed guidance regarding human daily PA behavior. Nevertheless, compared to other PA dimensions, there has
been less attention to the PA type. Besides, the application of potentially useful complementary sensors such as
the GPS sensor has been underexplored in the existing PA literature. Notwithstanding, the GPS sensor is highly
capable of providing contextual information that could enhance the performance of PA type detection (PATD)
models. Moreover, there is little knowledge about the ecological and external validity of the developed PATD
models: their ability to maintain accuracy when applied to real-life settings and age groups different from those
on which the models were developed.
This thesis intends to extend the knowledge on the conceptual and methodological factors that underlie objective
mobile sensing measurements of major posture and motion PA types in real-life settings by filling the research
gaps mentioned above. More specifically, this thesis addresses the following research questions:
RQ1: What are the underlying factors in real-life physical activity monitoring?
RQ2: How does using multi-sensor data enhance the prediction performance of detecting daily physical activity
types?
RQ3: To what extent are the physical activity type detection models transferable to the older adults’ data?
This study, with a perspective on human mobility and activity analysis on a micro level, that is, PA type detection,
undertakes a three-stage research process, including the development of (a) a conceptual and methodological
framework, (b) experimental design and PA reference data collection, and (c) computational techniques to analyze
the multi-sensor PA dataset.
The main contributions of this research are presented in four scientific publications. Research paper 1
systematically investigates the post-1990 PA literature in order to provide an updated synthesis and detailed
information about the key influencing factors that play a role in the real-life PATD process. It reveals the
methodological issues and research gaps in the existing PA studies and provides recommendations regarding
appropriate study designs and data processing methods when conducting a study where the focus is on using
mobile sensing data for PATD. Research paper 2 builds upon the outcomes of the preceding publication. It
explains the study design developed for PA-labeled data collection protocols, aiming to provide a dataset that can
maximize both the internal and ecological validity of measuring PA types. Research paper 3 describes the
developed computational models based on labeled multi-sensor data for PA type detection collected using the
study protocol developed in the preceding paper. In particular, this research highlights the contribution of GPS
sensor data in complementing the accelerometer-based models. It also provides information regarding appropriate
evaluation methods and the minimal sensor device configuration for studies aiming to detect daily PA types in a
real-life setting. Moreover, this study explores the generalizability of the developed models on real-life data.
Research paper 4 further investigates the applicability of the proposed methodology in detecting older adults’ PA
types. Besides, it extends the validation scenarios and machine learning classification models and contributes to
improving the transferability of the developed PA type detection models on older adults’ data.
This thesis provides insights into the conceptual and methodological factors of the three key elements constituting
the real-life PATD process, including data collection, data preparation, and data analysis. It has also generated a
rich PA-labeled dataset suitable for validating existing human PA type prediction systems and developing new PA
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type recognition algorithms. Through a set of experiments, this research shows that adding GPS data contributes
to improving the accelerometer-based PATD models. The findings indicate that the multi-sensor knee model can
provide the minimal device configuration with encouraging accuracy for detecting different PA types and reduce
participants’ burden during real-life assessments. Furthermore, the results of my experiments show that the
proposed PATD models are successfully transferable to data collected in real-life environments or/and data
collected by older adults.
In general, the outcomes of this thesis add to the current understanding of objective PA measurements in real-life.
It provides insights that can assist future studies concerning PA type detection methods and their application in a
growing number of application domains, including sports medicine, healthy aging, sustainable transport, smart
homes, and pervasive health-care systems. The PATD models developed in this project can be beneficial for
analyzing human PA behavior and providing broadly applicable detailed PA guidelines to increase the amount of
human PA during their daily lives and contribute to the World Health Organization’s “Global action plan on
physical activity 2018-2030: more active people for a healthier world” agenda.
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Chapter

1
Introduction

1. Introduction
1.1. Motivation
Human mobility and activity behavior has been changing over time. The first mode of transport
was walking. In the earliest days of human history, hunter-gatherers needed to travel on foot
and walk long distances to find their food, and run fast to escape the attack of wild animals.
Following the invention of agriculture and civilization development, human power and
movement continued to be used for farming and crop cultivation (Latham, 2013). Humans
domesticated and learned to ride animals such as donkeys and horses for transportation. The
industrial revolution then brought about a rapid transition from an agricultural into an industrial
society. Work that was previously done by manual labor was now being performed in big
factories equipped with power-driven machinery (Hurst, 2014). By the start of the
contemporary century, most physical activity (PA) has been eliminated from people’s
professional occupations, transportation, and daily lives (Cavill et al., 2006). People have
gravitated to using motorized modes of transport to adapt to the hectic pace of urban societies.
Nowadays, modern workplaces are occupied with people whose activity is limited to several
hours of sitting during the day (Chau et al., 2014). People’s lifestyles have been shifted to a
sedentary1 lifestyle (Figure 1).

Figure 1. People’s lifestyles have been shifted to a physically inactive lifestyle, Source: by Brian Martin (Cavill et al., 2006).

Sedentary behavior is defined as any waking behavior characterized by an energy expenditure ≤ 1.5 metabolic
equivalents, such as sitting, reclining or lying down (Lavie et al., 2019).
1

2

For most older adults, this transition to a sedentary lifestyle is mainly due to aging, which causes
a gradual deterioration in functional ability. However, younger and adolescents are not immune
from this shift due to the influence of urbanization, digitalization, and changing transportation
patterns, as mentioned above.
A sedentary lifestyle causes severe health problems. Following high blood pressure (13%),
tobacco use (9%), and high blood glucose (6%), physical inactivity caused 6% of losses globally
and has been reported as the fourth risk factor for global mortality (WHO, 2010). The World
Health Organization (WHO) recommendation on PA for health indicates that adults (≥ 18 years)
should perform at least 150 minutes of moderate-intensity PA throughout a typical week. For
adolescents, the recommendation is to accumulate at least 60 minutes of moderate-to-vigorous
intensity PA daily; nonetheless, the statistics show that 23% of adults and 81% of adolescents
in the age range of 11-17 do not currently meet the PA recommendation worldwide (WHO,
2019).
Besides, physical inactivity imposes tremendous costs on health-care systems and society.
According to the WHO, “The global cost of physical inactivity is estimated to be INT $ 54
billion per year in direct health care, in 2013, with an additional INT $ 14 billion attributable to
lost productivity.” (WHO, 2019). A physically active lifestyle can help maintain the quality of
life and limit challenges connected to people’s health status, mainly for older adults. Moreover,
increasing PA could contribute to reducing the financial burden to societies markedly. For
instance, there is an estimate that enhancing or maintaining the level of regular PA could save
at about 1.6 billion Swiss francs in the health sector (Martin et al., 2001).
The “Global action plan on physical activity 2018-2030: more active people for a healthier
world” (WHO, 2019) targets to reduce 15% of global physical inactivity in all age ranges by
2030. To this end, four strategic objectives, including creating active societies, active
environment, active people, and active systems are introduced that can be achieved by multidimensional policy actions. For instance, according to the WHO, one of the required actions to
create active societies is to make a paradigm shift in the society by improving people’s
knowledge of the advantages of regular PA and the disadvantages of an inactive lifestyle
(WHO, 2019). To do this, first, it is necessary to investigate the daily activity and mobility
behavior of society. However, before being able to investigate human movement behavior, it is
imperative to detect the driving force of such behavior reliably, i.e., the physical activity type,
which is where this thesis seeks to contribute.
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Given the contribution of academic and research institutions as a major partner towards the
2030 agenda, this thesis aims to focus on extending knowledge on PA through not only
investigating the fundamental factors that underlie PA measurements in real-world
environments but also by means of objective assessments of a measurable and tangible PA
concept (i.e., the PA type), capable of providing generalizable and ecologically valid findings
that can be applied to different environments and age groups.
The remainder of this chapter continues with the definition and dimensions of PA in Section
1.2 and by giving an overview of the role of PA in different research domains such as health,
healthy aging, and mobility in Section 1.3, followed by explaining the importance of studying
the PA type in Section 1.4. The importance of a real-life setting for PA measurements and
ambulatory assessment of PA are described in Sections 1.5 and 1.6. The value of using multisensor data and the classification methods for human PA type detection (PATD) are explained
in Sections 1.7 and 1.8. The chapter ends by defining the objectives and overarching research
questions in Section 1.9 and finally by positioning the publications relative to the research
questions and giving an overview of the structure of the thesis in Section 1.10.

1.2. What is physical activity (PA)?
Physical activity “is defined as any bodily movement produced by skeletal muscles that result
in energy expenditure” (Caspersen et al., 1985). There are four different domains within which
PA can be undertaken, including domestic, occupational, transportation, and leisure time (Strath
et al., 2013). There are four main dimensions for measuring PA, which can be abbreviated as
FITT: Frequency of the activity, usually measured in occasions per day/week; Intensity at which
the activity is performed; Time/duration, that is, the duration of the bout of activity; and
Type/mode of activity (Strath et al., 2013). The intensity of PA refers to the level at which the
PA is being undertaken, such as low, moderate, or vigorous. Various common daily PA types
fall into the different categories of PA intensity. To give some examples, walking slow or sitting
at the computer are low intensity PAs. Walking briskly or jogging falls into the category of
moderate PA intensity, and running or fast cycling are vigorous intensities (Ainsworth et al.,
2011).

1.3. PA in research
The study of human PA plays an essential role in many subjects of science and technology,
such as epidemiology, mobility and transportation, built environment, and psychology.
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1.3.1. PA and health
A physically active lifestyle is beneficial for health. There is evidence that an active lifestyle is
associated with reducing health risks and chronic diseases (Bull et al., 2015; Cavill et al., 2006;
W. Booth et al., 2012; WHO, 2010), such as obesity, cardiovascular diseases, diabetes type 2,
and depression, Table 1.
Table 1: The health effects of PA, adapted from (Cavill et al., 2006).
Condition

Effect

Obesity and overweight

Reduced risk

Cardiovascular diseases

Reduced risk

Diabetes type 2

Reduced risk

Cancer

Reduced risk

Musculoskeletal health

Improvement

Psychological well-being

Improvement

Obesity and overweight

Obesity and overweight happen when consumed calories exceed expended calories. Obesity is
believed to have a detrimental impact on people’s health conditions by increasing the risk of
non-communicative diseases such as type 2 diabetes, heart diseases, and some form of cancer
(Cuignet et al., 2020; Lu et al., 2014). Obesity has approximately grown three-fold globally
since 1975. In 2016, obesity was a prevalent disease in 13% of people worldwide, and 39% of
adults (18 years and above) and more than 41 million children under five years were overweight
(WHO, 2020). Strong evidence shows that avoiding unhealthy eating habits and increasing the
amount of PA help in weight reduction or weight control and consequently mitigating the risks
and consequences of obesity and overweight (Hruby and B. Hu, 2015).
Cardiovascular diseases

Cardiovascular diseases have been identified as one of the leading causes of mortality
worldwide. The literature shows that physically inactive people have twice the risk of suffering
from a cardiovascular disease than active people (Wannamethee and Shaper, 1999). PA can
primarily contribute to preventing or reducing disorders of the heart and blood vessels such as
stroke, high blood pressure, or high cholesterol (Hardman and Stensel, 2009; W. Booth et al.,
2012).
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Diabetes

Type 2 diabetes results in increasing the level of blood sugar and is more common in adults
aged 40 and above (Cavill et al., 2006). Strong evidence indicates that regular PA helps to
prevent type 2 diabetes by controlling blood glucose (Ivy et al., 1999). Increasing the incidental
activities and limiting the time spent on sedentary activities such as sitting and following the
global recommendation on PA for health have been shown to have a positive effect on
preventing or reducing the risk of type 2 diabetes (Colberg et al., 2016).
Cancer

Physical activity has been shown to be beneficial in lowering the risk of cancers such as breast
cancer in premenopausal and postmenopausal women (Hardefeldt et al., 2018; Pizot et al.,
2016), endometrial cancer, and colon cancer (Liu et al., 2016). Few studies have also indicated
that PA is associated with reducing the mortality risk from prostate cancer (Liu et al., 2016).
Examples of the positive effects of PA associated with mitigating cancer risk are lowering the
level of estrogen hormones, improving the immune system, and helping in weight maintenance
(NCI, 2020).
Musculoskeletal health

PA can help improve or maintain musculoskeletal health, particularly for older adults whose
muscle mass and strength may decline due to aging and an inactive lifestyle (Taaffe and Marcus,
2000). Participation in PA during daily life can enhance the skeletal system in older adults by
preventing impaired walking behavior and fall risks and reducing hip fractures (Marks, 2011).
Psychological well-being

PA has a potential to enhance psychological well-being by reducing symptoms of anxiety,
stress, and depression (Blumenthal et al., 2012; Fox, 1999; Harvey et al., 2010; Martinsen,
2008; Mikkelsen et al., 2017; Penedo and Dahn, 2005; Rebar et al., 2015). There is evidence
that participation in regular PA can improve the cognitive function of older adults (Fox, 1999;
Gheysen et al., 2018), people’s social interaction, and quality of life at all age ranges
(Rodríguez-Fernández et al., 2017).
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1.3.2. PA and healthy aging
Predictions show that by 2050 the aging population will reach above 2 billion people worldwide
(Morganti et al., 2019; Figure 2) and increase from 9.3% in 2020 to 16% in 2050 (The
Population Division of the United Nations Department of Economic and Social Affairs, 2020).
Along with this growth in age, increasing demands in health-care services, and a burden to
society is expected. Therefore, to reduce older adults’ health and social costs to society, it is
imperative to understand and assess the factors that contribute to healthy aging.

Figure 2. The aging population is increasing worldwide (Morganti et al., 2019), Source: United Nations Department of
Economic and Social Affairs.

The WHO defines healthy aging as “the process of developing and maintaining the functional
ability that enables well-being in older age…” (WHO, 2019). Functional ability refers to
individuals’ ability to perform activities of daily living (ADLs), such as eating, personal care,
and mobility. It plays an essential role in individuals’ quality of life and is associated with their
physical and mental health (Kirch, 2008). Therefore, factors that contribute to maintaining
ADLs' abilities are of great importance. Evidence shows that PA is a crucial determinant in
maintaining older adults’ abilities to perform ADLs (Chou et al., 2012; Roberts et al., 2017).
PA is beneficial in older adults’ functional independence and quality of life by promoting
physical and mental health and social interaction, as discussed in Section 1.3.1.
It is recommended that older adults perform at least 150 minutes of moderate-intensity PA
during a typical week for health maintenance (WHO, 2010). However, many older adults fall
short of meeting the WHO guidelines (Sparling et al., 2015) because PA abilities differ across
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different age groups. Contrary to younger adults who have the opportunity to go to the gym and
engage in intensive physical exercise, older people perform most PA as part of ADLs and
mostly at low PA intensity (Lindemann et al., 2014). However, there is little knowledge about
the impact of PA at low intensities on maintaining the abilities to perform ADLs. Moreover,
identifying different daily PA types and how they influence older adults’ health is largely
underappreciated (Roberts et al., 2017). Thus, it is time to invest in investigating PA in older
adults’ daily life in more detail.
1.3.3. PA and mobility
The study of human mobility plays a vital role in many fields of study, including transportation,
the built environment, and the health sciences. However, the conceptualizations of mobility
vary across different disciplines. The extent of movement can vary from bed bound (immobile)
to being capable of traveling long distances and to far locations (Palta and Shumway-Cook,
1999; Stalvey et al., 1999).
In the field of transportation, mobility is associated with the act of moving around using
transportation. It can be operationalized by measures of human travel behavior, such as the
motorized or non-motorized modes of transport taken to travel, the number of trips, or the
distance traveled (Collia et al., 2003; Musselwhite et al., 2015; Su and Bell, 2009).
As a sub-category of the field of transportation, sustainable mobility/transport focuses on any
modes of transport that are environmentally friendly. Examples of environmentally friendly
transport are active modes of transport such as walking and cycling, which can also potentially
increase the amount of PA, either as a single-mode or combined with public, motorized mode
of transport (Dons et al., 2015). The other benefits of active mobility modes are that they
mitigate the environmental risks such as air pollution or CO2 emission, traffic congestion, travel
costs, and have the potential to increase social interaction and physical and mental health in the
population (Chapman et al., 2018).
In the built environment, mobility refers to active transportation such as walking and cycling
and emphasizes the role of environmental variables in the increased use of walking or cycling
(Figure 3). For example, Pikoraa et al. showed that there are four environmental features
including functional (e.g., street network), safety, aesthetic (e.g., greenness), and destination
(e.g., accessibility of different facilities) that can impact the ability of people to walk or cycle
in their neighborhoods (Pikoraa et al., 2003). Geographic Information Systems (GIS) have been
shown to be a powerful tool for measuring these environmental features (Maghelal and Capp,
2011; Jia et al., 2017; see details in Section 1.7).
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Figure 3. Physical activity and active transport, Source: (Marquet, 2019).

In the health sciences, mobility is associated with functional mobility. Functional mobility
allows people to move in different environments freely and perform the ADLs in various
domains such as household and occupation independently. Examples of mobility-related ADLs
are walking, sitting, bending, and climbing. Functional mobility is thereby an influential factor
in people’s PA participation and functional independence and health-related quality of life
(Forhan and Gill, 2013).
According to the International Classification of Functioning, Disability, and Health (ICF)
(WHO, 2002), mobility includes “moving by changing body position or location or by
transferring from one place to another, by carrying, moving or manipulating objects, by
walking, running or climbing, and by using various forms of transportation”. Therefore,
mobility can be studied at different levels of the spatial scale of human movement, ranging from
changing a body position to traveling to distant locations.
In this thesis, I conceptualize PA as the micro-scale of human mobility, whereby the spatial
movement scale is confined to the human body. I also consider the PA type as the driving force
that underlies human movements, since the sequence of PA types determines human daily
mobility patterns. Besides, the clear and common evidence across all subjects of science and
definitions mentioned above is that there is an interrelation between mobility, PA, and health
(Winters et al., 2015). Therefore, studying PA as a sub-category of mobility that contributes to
maintaining and improving people’s health status is essential.
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1.4. The importance of PA type measurement
Among different dimensions of PA described in Section 1.2., an extensive body of literature
focused on PA intensity (Bakrania et al., 2017; Beaulieu et al., 2017; Brazendale et al., 2017;
Clemente et al., 2016), and less attention has been paid to the PA type. A large number of
studies applied thresholds to extract PA intensity (Krüger et al., 2017; Laakkonen et al., 2017;
Rockette-Wagner et al., 2017). At the same time, the defined cutoffs might not apply to different
age groups (Corbett et al., 2016), or underestimate some PA behaviors such as driving (Kerr et
al., 2013).
Besides, as mentioned in Section 1.3.2., the global recommendation on PA for health lacks the
desired specificity for older adults, whose PA intensity might be limited to daily activities at
low intensity. The literature shows that in order to enhance PA and lessen sedentary behavior –
the two key contributors to maintaining the quality of life and preventing challenges concerning
health status – it is more beneficial to provide detailed PA guidance rather than a general PA
recommendation (Taylor, 2014). The PA type offers detailed information on how much a
person should invest in a specific daily PA type to maintain her/his health. Moreover,
identifying the type of PA helps to derive other PA measures such as frequency or intensity
(Lindemann et al., 2014).
Moreover, the PA type is a more perceptible concept than PA intensity. Mainly for laypersons,
it is easier to understand the amount of time that should be spent on a particular PA type such
as walking or standing than on a certain intensity of activity (Rosenberg et al., 2017).
Identifying the types of PA allows for discovering human PA patterns and behavior. For
example, recognizing abnormal PA behaviors such as fall detection would be beneficial for the
health-care system (Pinto et al., 2017) and real-time patient monitoring (Muheidat et al., 2018).
Moreover, detecting PA types such as walking and cycling contributes to enriching our
knowledge about human sustainable mobility patterns (Dons et al., 2015). Thus, studying the
specific types rather than the intensity of PA is vital to better understanding human mobility
and activity behavior (Lee and Kwan, 2018; Lindemann et al., 2014).

1.5. The importance of a real-life setting for PA assessment
A plethora of studies has assessed PA types in the laboratory (Van Hees et al., 2013). The
laboratory is an environment where the study investigators control all the experimental settings.
For example, they isolate all the contextual factors and stimuli and expose the individuals to an
unnatural environment where all the activity measurement errors can be controlled (Reis, 2012).
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Examples of such contextual factors are natural or built environments such as green spaces,
land use, urban infrastructures, pavement, or social communication. Although the results from
a laboratory setting have superior internal validity, the ecological validity is weak due to
providing limited insight regarding the environmental factors that exist in individuals’ daily life
(Lindemann et al., 2014). For example, cycling on a cycle ergometer or walking on a treadmill
on a straight line with a pre-defined speed and inclination can weakly represent the PA
occurrence in real-life such as roaming in a leisure area.
Contrary to a laboratory setting, the real-life setting is a natural daily setting such as home,
workplace, school, or outdoor environments that contributes to providing ecologically valid
results (Bussmann and Ebner-Priemer, 2011; Figure 4). Assessing PA in real life can provide a
solid separation between what people are able to do in an optimized environment such as the
laboratory (capacity) and what they actually do in a real world (performance) (WHO, 2002).
However, measuring human activity behavior during daily life is severely challenging, as
individual behavior can only be controlled to a small degree in real-life environments.

Figure 4. Laboratory versus real-life study setting, Source: (Global Geriatrics Special; McMaster University)

A semi-structured environment has been recently suggested for conducting the PA
measurements (Lindemann et al., 2014). In a semi-structured data collection protocol,
participants will be asked to perform a pre-defined activity task in a specific environment (e.g.,
outdoor area). However, they are free to complete the requested activities in their own way.
The semi-structured setting considers the concepts of uncontrolled (real-life) and controlled
(laboratory) settings on a relative scale (Van Hees et al., 2013). In other words, a semistructured protocol can lead to more realistic daily activities than a laboratory protocol (Bourke
et al., 2017). However, unlike the real-life condition, the measurement errors can be better
controlled under a semi-structured setting (see details in Chapter 3).
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1.6. Ambulatory assessment of PA
Modern technologies such as ambulatory assessment (AA) help to facilitate real-life studies.
AA covers a wide range of assessment methods to study people’s behavior in their natural
environment (Trull and Ebner-Priemer, 2013). The most common AA methods for assessing
PA fall into one of the two broad categories below.
Subjective/self-reporting methods, represent the traditional PA measurement methods and use
self-report data that typically are collected via questionnaires (Janz, 2006). The advantages of
self-report measures are that they are cost-effective, non-intrusive, and practical. They can be
applied to a large population covering a diverse range of individuals with different socioeconomic or physical characteristics. However, there are also shortcomings of these methods.
The results coming from self-report data can be prone to individual recall bias or subjectivity.
For instance, it is difficult for older adults and children to recall the activities of their past (Janz,
2006). The method is not feasible for a subgroup of people suffering from amnesia or cognitive
impairment. Also, the subjectivity of the results causes difficulty in the reproducibility of the
method. More importantly, some self-report data fall short of measuring different dimensions
of PA accurately. Time spent in different PA intensity levels might be under/overestimated
using subjective methods (Shiroma and Lee, 2010). Therefore, there is a crucial need to have
an objective method that provides reliable and reproducible measurements of PA dimensions.
Sensor-based methods represent the second and newer category of AA, benefitting from rapid
progress in mobile and wearable technologies that provide a wide range of sensors for objective
PA measurement. Wearable sensors facilitate long-term PA monitoring, owing to their
affordability, availability, ease of use, light weight, and small size (Cornacchia et al., 2017;
Majumder et al., 2017). Accelerometer (Godfrey et al., 2011; Kantomaa et al., 2016; Keadle et
al., 2017; Skotte et al., 2014; Snodgrass et al., 2016), gyroscope (El Achkar et al., 2016),
magnetometer (Barshan and Yuksek, 2014; Shoaib et al., 2014), heart rate (Fergus et al., 2015;
Kwak and Lee, 2012), global positioning system (GPS) (Nguyen et al., 2013; Troped et al.,
2008), and barometers (El Achkar et al., 2016; Skotte et al., 2014) are examples of this set of
sensors. Exploiting different sensor data allows obtaining different aspects of movement
information for assessing PA behavior.

1.7. The importance of using multi-sensor data
Among wearable sensors, a three-dimensional (3D) accelerometer has been identified as the
most common and informative sensor in PA measurement (Shoaib et al., 2014; Su et al., 2014).
The acceleration is the rate of velocity change of a body with respect to time and is quantified
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in the unit of meters per second squared (m/s2) or multiples of the Earth’s gravity force (g),
where 1 g = 9.8 m/s2. A 3D accelerometer (ACC) is capable of sensing body acceleration in
three different human anatomical planes (anteroposterior, vertical, and mediolateral) or
coordinate axes (x, y, and z). It can measure the body movement from right to left or vice versa
in the mediolateral, or x-axis; the upward or downwards body movements in the vertical, or yaxis (in parallel with the gravity force); and finally sense the forward-backward movement in
the anteroposterior, or z-axis. Data collected from a 3D accelerometer can be analyzed for each
axis individually, or the vector magnitude (total acceleration) can be calculated by the vector
sum of the three axes (Sasaki et al., 2016).
Accelerometer data can be expressed as raw acceleration or counts per unit of time (e.g., second
or minute). Raw acceleration data can be collected in high temporal resolutions at different
sampling rates (e.g., 10-200 Hertz2). In contrast, the activity count is a summarized metric that
is provided by the accelerometer device producers. Activity counts are the filtered data derived
from raw acceleration. They can be categorized into different levels of acceleration, which can
later be expressed as PA intensity or energy expenditure (Tryon and Williams, 1996). There is
no unique formula for activity counts. Various accelerometer manufacturers employ specific
software and hardware for obtaining the activity count, which does not allow reproducibility
and straightforward comparisons across studies (Bai et al., 2016).
A 3D accelerometer is a practical tool for measuring gesture change (Wu and Jafari, 2019), fall
detection (Jahanjoo, 2017; Santos et al., 2019), step counting (Dirican, 2017), and gait analysis
(Din et al., 2016; Huan et al., 2019), detecting different types or other dimensions of daily PA,
such as frequency, intensity, and duration of the activity bouts. It can be worn on various body
locations, such as hip, waist, chest, knee, and wrist.
However, using a single 3D accelerometer data is difficult to measure all daily activities
reliably. For example, using a single hip worn accelerometer, it would be difficult to distinguish
between sitting and standing or detect activities such as cycling or upper body motions
(Matthews, 2005). Adopting multiple sensors allows to overcome this problem by enriching the
movement dataset (Bourke et al., 2017). For instance, using two accelerometers on both thigh
and hip positions can help to distinguish reliably between the activities sitting or standing
(Skotte et al., 2014) or employing an ankle or wrist worn accelerometer contributes to detecting
the periodic movement of some activities such as walking (Mannini et al., 2014). Applying

2

Hertz (Hz) is the number of measurements per second.
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multiple sensors would help improve the PATD model and increase the number of
distinguishable activities that may each have a different health impact. For instance, an inertial
measurement unit (IMU) combines an accelerometer with a gyroscope and a magnetometer
sensor that jointly measure body acceleration, angular rate, and magnetic field, respectively.
Therefore, using an IMU, in addition to body acceleration, it is possible to measure rotational
motion, such as turning while walking. There is evidence that the number and degree of turns
might impact the individuals’ energy expenditure and, consequently, health status (Marcotte et
al., 2018).
Movement data gathered with an accelerometer or IMU are confined to measuring movements
of the human body only and do not provide contextual information about the mobility in
different environments. Among various complementary sensors to the accelerometer or IMU,
the most important sensor capable of delivering locational data is the GPS sensor. GPS is a
satellite-based navigation system that provides latitude, longitude, and time data (Jankowska et
al., 2015). The newer versions of GPS devices are also capable of providing additional data
such as speed, altitude, distance, the number of satellites visible, horizontal, vertical, and
positional dilution of precision (HDOP, VDOP, and PDOP, respectively). Similar to raw
acceleration data, GPS data can be collected at different sampling rates ranging from every
second to every few hours (Kerr et al., 2011).
GPS devices have been used in movement analysis across different disciplines such as
geography, ecology, transportation, and the health sciences. They have been shown to be a
powerful tool for completing and validating the self-reported travel diary data (Stopher et al.,
2007; Zhou and Golledge, 2000) or the outdoor measurements of PA (Bayat et al., 2020;
Duncan et al., 2009). Moreover, in PA research, some studies showed that adding GPS speed
as complementary information to accelerometer data could improve PATD, particularly for
transport-related PAs such as walking, cycling, and jogging/running (Nguyen et al., 2013;
Troped et al., 2008). However, a GPS sensor is not without limitations. The GPS signal loss or
signal scatter usually happens in urban canyons, dense tree canopies, indoor locations,
undergrounds, and tunnels that can negatively affect data quality. In contrast, accelerometer
sensors do not have these problems.
Therefore, the GPS sensor, in conjunction with an accelerometer, can help collect further
information about human mobility and activity behavior. Each of them can provide information
about different scales of movement. For example, we can find out about the micro-scale of
human activity (e.g., activity type, body motion, number of steps, gesture change, intensity,
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duration) by extracting information from the accelerometer, while the macro-scale of human
movement (e.g., different transportation mode, displacement, speed) can be explored by
analyzing GPS data. When combined, the unique features of each sensor can mitigate some of
the disadvantages of using each sensor individually. For instance, when GPS receivers lose
satellite reception and signal dropout or interruption occurs during human movement
monitoring, an accelerometer used in combination with a GPS sensor can still provide
movement information such as whether the person is moving or not (Webber and Porter, 2009).
Besides, there is evidence that the combination of accelerometer and GPS data can result in a
more accurate transport mode detection, particularly in distinguishing transport modes that
generate similar speed profiles, such as fast walking and slow biking (Feng and Timmermans,
2013).
On the other hand, adding GPS to the accelerometer data helps identify the duration of travel
in active or passive modes of transport and correcting the step count data obtained from the
accelerometer (Webber and Porter, 2009). Besides, utilizing accelerometer data, we can figure
out if a person is performing a specific PA type; nonetheless, without locational information, it
is impossible to determine where and why these activities are undertaken (e.g., indoors or
outdoors, at the workplace, at home, or the community) (Quigg et al., 2010). Ecological studies
have long held that the place influences health (Jankowska et al., 2015). The use of GPS in
combination with the accelerometer sensor allows linking PA behavior derived from
accelerometer data to spatial information in a GIS (Figure 5).

Accelerometer
objective PA
measurement

GPS
objective
location, time,
and speed
measurement

GIS
layers of spatial
data of
environmental
variables

Figure 5. The integration of accelerometer, GPS and GIS for physical activity assessment, adapted from (Jankowska et al.,
2015).
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GIS can provide various spatial layers of social or environmental variables that can be
associated with different domains of PA, such as transportation or leisure (Jansen et al., 2018;
Procter et al., 2018; Sallis, 2010; Schipperijn et al., 2017). Examples of these variables are
accessibility (to public transport, recreation facilities, fast food restaurants), proximity to
(school, workplace), land use, population/residential density, safety, walkability, urban
infrastructure (street network characteristics, traffic), parks and playgrounds and green spaces
(Jia et al., 2017; Kärmeniemi et al., 2018; Van Holle et al., 2012).
Utilizing GIS data helps to find the relationship between the physical or social environment on
the one hand, and humans’ PA and health status on the other hand. For example, lack of
environmental amenities such as green spaces, limited availability of sidewalks or cycling paths
are barriers to PA and consequently linked with increasing the rate of non-communicable
diseases and health issues (Aguayo et al., 2019). On the other hand, route safety and wellmaintained walking and cycling paths have been shown as facilitator variables of PA (Oliver et
al., 2010). Moreover, using GIS can provide guidance on PA interventions. Some studies
showed that interventions such as building bridges, improving the street, and developing trails
could encourage PA (Aguayo et al., 2019).
Besides, GIS data can offer information that can be used in quantitative human movement
measurements, such as transport mode classification. For example, adding bus route or bus stop
data to the GPS data can help to reliably distinguish between bus and car transport mode (Gong
et al., 2012). Few studies used the combination of GPS, GIS, and accelerometer for quantitative
PA measurements, despite the high potential that adding GPS and GIS could have in providing
information that could further inform the detection of PA. Moreover, there are no publicly
available datasets for PA recognition that combine GPS and accelerometer data. Chapter 4
shows how adding GIS data, such as the digital elevation model (DEM), can provide an
informative input feature (elevation difference) for the PATD model development.

1.8. Human physical activity type detection (PATD)
Human activity recognition has a wide range of applications, such as remote patient monitoring
(Malasinghe et al., 2019), rehabilitation (Malasinghe et al., 2019), and assisting disabled
persons (Capela et al., 2016). Automatic PATD from wearable sensor data (e.g., accelerometer
and GPS) is challenging. The difficulty lies in transforming raw data into meaningful
information, such as different PA types (e.g., walking, sitting, and cycling) through data
preprocessing and classification methods. Chapter 2 will review methods for PATD in detail;
this section therefore only gives a brief summary of some of the key points.
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For PATD, there are different types of classification algorithms whose degree of complexity
ranges from straightforward rule-based models to more sophisticated algorithms such as neural
networks (Peterek et al., 2014; Preece et al., 2009). In general, there are two main learning
approaches in classification techniques: supervised and unsupervised methods. The supervised
approach needs human-labeled data, that is, a dataset where the class of each observation is
assigned to a target category, for training and testing the classification algorithm. The
classification model will be first built based on the training data and then evaluated by applying
it on the testing data. The final validated model will eventually be used for predicting the PA
types of unlabeled data.
In contrast to supervised learning, unsupervised learning, also known as “cluster analysis” does
not require labeled data. Instead, it uses the unlabeled data and, through different algorithms,
automatically detects a number of clusters, each of which may belong to a specific PA type.
However, labeled data may be used to evaluate the correctness of the resulting clusters also in
unsupervised approaches.
There are three common ways for providing labeled PA data, including video recordings (Ruch
et al., 2011), direct human observation of the person’s movement with annotation (Ermes et al.,
2008), and self-annotation by the participant (Bao and Intille, 2004). Generating labeled data is
generally a cumbersome task, particularly in a real-life environment. Besides the human
workload and time cost, the study design for unobtrusive, accurately labeled data collection,
especially for a sample of older adults, represents another challenge. Chapter 3 describes the
process of study protocol design for the labeled PA data collection of this thesis.
Another challenge of supervised classification methods is the transferability of the developed
models on new datasets. In typical supervised learning models, the assumption is that the
distribution of the training and test data will never change, which is however unlikely to happen
in reality. Therefore, when there is a mismatch between the distribution of the training data and
a test dataset, the model’s efficiency decreases (Barbosa, 2018). For example, a PATD model
trained with data from one person may only weakly detect the PA types of another person, as
different people might perform the same PAs differently. However, being able to provide
transferable classification models would help to reduce the effort of capturing labeled data as it
allows for re-utilizing knowledge from previous experience. Hence, transferability of PATD
models to unseen data, such as data from people belonging to a different age group, is an
important desideratum.
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There are different causes for distribution mismatches between datasets. In this thesis, I intend
to explore specifically the spatial environment and the age as the causes. In Chapter 4, I discover
the extent to which my model trained with data collected in a semi-controlled environment can
be applied to real-life data. In Chapter 5, I assess the transferability of my supervised PATD
model trained with data from younger adults on older adults’ data.

1.9. Objective and Research questions
The motivation of this thesis stems from an interdisciplinary project entitled “Mobility, Activity
and Social Interactions Study (MOASIS)”. The MOASIS study collects daily life mobility and
health-related data of healthy older adults and aims to develop computational models to analyze
and improve health behaviors in the aging population (Bereuter et al., 2016; Röcke et al., 2018).
Therefore, the main overarching objective of this thesis is to contribute to developing a
comprehensive, individualized description of human mobility and activity behavior patterns at
the micro and macro level of spatio-temporal scales, and to linking such personal mobility
profiles to psychological resources available to an individual. However, the specific focus of
this thesis is exclusively on studying human physical activity types, introduced as the microscale of human movement (see Section 1.4).

Research questions
Three overarching research questions were developed to guide the research of this thesis.
Considering the methodological gaps in PA monitoring, the thesis sets out to investigate
analytical methods capable of detecting the major PA types of daily life in real-life
environments using objective measurements. An appropriate study design is conducted, aiming
to generate labeled multi-sensor data for developing ecologically valid PATD models through
a supervised approach. The PATD models are built based on the input features extracted from
accelerometer, GPS, and GIS data; and are evaluated from various perspectives (e.g., different
training and testing datasets, different environments, different age groups) within stringent
validation scenarios. The main research questions of this thesis are outlined below.
RQ1: What are the underlying factors in real-life physical activity monitoring?
RQ2: How does using multi-sensor data enhance the prediction performance of detecting
daily physical activity types?
RQ3: To what extent are the physical activity type detection models transferable to the older
adults’ data?

18

1.10. Structure of this thesis
Following this introduction chapter, the research questions stated in Section 1.9, are addressed
in Chapters 2 to 5, each of which represents one of four research papers, as explained below.
Research Paper 1 (Chapter 2)
Allahbakhshi, H., Hinrichs, T., Huang, H., Weibel, R., 2019. The Key Factors in Physical
Activity Type Detection Using Real-Life Data : A Systematic Review, Frontiers in
Physiology, 10, 75, pp. 1–20.
Authors’ contributions: Conceptualization, H.A.; Data curation, H.A.; Formal analysis,
H.A.; Investigation, H.A.; Methodology, H.A. in coordination with T. H., H.H. and R.W.;
Project administration, H.A.; Resources, H.A. and R.W.; Supervision, R.W.; Validation,
H.A. in coordination with T.H., H.H. and R.W.; Visualization, H.A.; Writing—original
draft, H.A.; Writing—review and editing, H.A. in coordination with T.H., H.H. and R.W..
All authors have read and agreed to the published version of the manuscript.
Chapter 2 addresses Research Question 1 (RQ1) and presents a comprehensive, systematic
literature review on the fundamental factors in identifying PA types using real-life data. It gives
an insight into the main steps of the PATD process, including data collection, data preparation,
and data analysis. In other words, it provides substantial background information for this thesis
by assessing the advantages and shortcomings of the existing study protocols and analytical
methods concerning PA type monitoring. Besides, this chapter reviews the computational
techniques of objectively measuring PA types developed over time and identifies the best
practices for contemporary studies.
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Research Paper 2 (Chapter 3)
Allahbakhshi, H., Huang, H., Weibel, R., 2018. A Study Design for Physical Activity
Reference Data Collection Using GPS and Accelerometer, in Proceedings of 21th AGILE
Conference on Geographic Information Science, Lund, Sweden, 12-15 June, pp. 1–6.
Authors’ contributions: Conceptualization, H.A.; Data curation, H.A.; Formal analysis,
H.A.; Investigation, H.A.; Methodology, H.A. in coordination with H.H. and R.W.; Project
administration, H.A.; Resources, H.A. and R.W.; Supervision, R.W.; Validation, H.A.;
Visualization, H.A.; Writing—original draft, H.A.; Writing—review and editing, H.A. in
coordination with H.H. and R.W.. All authors have read and agreed to the published version
of the manuscript.
Chapter 3 introduces an updated version of my preliminary study design for PA labeled data
collection using a multi-sensor (accelerometer + GPS) device originally published as a short
conference paper. This chapter explains the logistics behind the PA labeled data collection
protocol designed for this thesis based on the lessons learned from Chapter 2. Hence, it presents
a concrete study design based on the outcome of RQ1. It provides information about the
ambulatory assessment specification (e.g., type of device/sensor, sensor position, and sensor
sampling rate), participants’ characteristics (e.g., age, sample size), the rationale behind
selecting the target PA types, and activity protocols of different study settings for the
experimental study. The outcome of this chapter provides the required dataset for addressing
RQ2 and RQ3.
Research Paper 3 (Chapter 4)
Allahbakhshi, H., Conrow, L., Naimi, B., Weibel, R., 2020. Using Accelerometer and GPS
Data for Real-Life Physical Activity Type Detection, Sensors, 20 (3): 588.
Authors’ contributions: Conceptualization, H.A.; Data curation, H.A.; Formal analysis,
H.A.; Investigation, H.A.; Methodology, H.A.; Project administration, H.A.; Resources,
H.A. and R.W.; Software, H.A in coordination with L.C. and B.N.; Supervision, R.W.;
Validation, H.A.; Visualization, H.A.; Writing—original draft, H.A.; Writing—review and
editing, H.A. in coordination with L.C., B.N. and R.W.. All authors have read and agreed to
the published version of the manuscript.
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Chapter 4 addresses Research Question 2 (RQ2) and describes the supervised PATD models
developed based on the multi-sensor, labeled data collected for younger adults using the study
protocol presented in Chapter 3. In particular, this chapter gives guidance regarding relevant
data sources (accelerometer, GPS) and their usage, appropriate evaluation methods, and optimal
sensor positions for studies aiming to detect the major posture and motion PA types in a reallife environment.
Research Paper 4 (Chapter 5)
Allahbakhshi, H., Röcke, C., Weibel, R., 2021. Assessing the Transferability of PA Type
Detection Models: Influence of Age Group is Underappreciated, Submitted to Frontiers in
Physiology.
Authors’ contributions: Conceptualization, H.A. and R.W.; Data curation, H.A.; Formal
analysis, H.A.; Investigation, H.A.; Methodology, H.A.; Resources, H.A. in coordination
with C.R. and R.W.; Software, H.A.; Supervision, R.W.; Validation, H.A.; Visualization,
H.A.; Writing—original draft, H.A.; Writing—review & editing, H.A. in coordination with
C.R. and R.W.. All authors have read and agreed to the submitted version of the manuscript.
Chapter 5 addresses Research Question 3 (RQ3) and investigates the applicability of the
methodology proposed in the preceding chapter for PATD in a different age group, using data
of older adults collected with the study protocol introduced in Chapter 3. Moreover, it extends
the validation scenarios and PA classification models and contributes to improving the
transferability of the PATD models on data of older adults (RQ3).

Chapter 6 synthesizes this thesis by discussing the main findings concerning the research
questions defined in this chapter and finally provides insight into possible future work.
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Background: Physical activity (PA) is paramount for human health and well-being.
However, there is a lack of information regarding the types of PA and the way they
can exert an influence on functional and mental health as well as quality of life. Studies
have measured and classified PA type in controlled conditions, but only provided limited
insight into the validity of classifiers under real-life conditions. The advantage of utilizing
the type dimension and the significance of real-life study designs for PA monitoring
brought us to conduct a systematic literature review on PA type detection (PATD) under
real-life conditions focused on three main criteria: methods for detecting PA types, using
accelerometer data collected by portable devices, and real-life settings.
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Method: The search of the databases, Web of Science, Scopus, PsycINFO, and
PubMed, identified 1,170 publications. After screening of titles, abstracts and full texts
using the above selection criteria, 21 publications were included in this review.
Results: This review is organized according to the three key elements constituting the
PATD process using real-life datasets, including data collection, preprocessing, and PATD
methods. Recommendations regarding these key elements are proposed, particularly
regarding two important PA classes, i.e., posture and motion activities. Existing studies
generally reported high to near-perfect classification accuracies. However, the data
collection protocols and performance reporting schemes used varied significantly
between studies, hindering a transparent performance comparison across methods.
Conclusion: Generally, considerably less studies focused on PA types, compared to
other measures of PA assessment, such as PA intensity, and even less focused on real-life
settings. To reliably differentiate the basic postures and motion activities in real life, two
3D accelerometers (thigh and hip) sampling at 20 Hz were found to provide the minimal
sensor configuration. Decision trees are the most common classifier used in practical
applications with real-life data. Despite the significant progress made over the past year
in assessing PA in real-life settings, it remains difficult, if not impossible, to compare
the performance of the various proposed methods. Thus, there is an urgent need for
labeled, fully documented, and openly available reference datasets including a common
evaluation framework.
Keywords: physical activity type, real-life, accelerometer, sensor, systematic review
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Real-Life Settings

INTRODUCTION

Most studies reporting on the development of measurement
methods to classify PA types have used an experimental protocol
based on predefined physical activities under laboratory, that
is, controlled conditions (van Hees et al., 2013). However,
laboratory settings invariably separate participants from their
everyday life and activities, subjecting them to an artificial context
(Csikszentmihalyi, 2011). It is thus questionable whether and to
what extent laboratory-derived algorithms and models can be
applied to data acquired under real-life conditions (De Vries
et al., 2011). Natural daily settings such as home, workplace,
school, or outdoor environments are examples of real-life
conditions. Experimental protocols performed under controlled
conditions are commonly used for the training and evaluation of
PA type classification techniques. Such protocols, however, only
offer limited insight into the validity of PA classification under
real-life conditions (van Hees et al., 2013). Therefore, automatic
PA type detection methods should be developed using data
acquired in real-life conditions (Bastian et al., 2015). Assessment
of PA outside a laboratory setting is important because people’s
daily activity is typically different from what can be measured in
the clinic (Hache et al., 2011).

Physical activity (PA) is a key component of promoting
health and well-being (Haskell et al., 2007), and “is defined as
any bodily movement produced by skeletal muscles that results in
energy expenditure” (Caspersen et al., 1985). A physically active
lifestyle is crucial for healthy aging and is associated with several
important health outcomes, such as higher levels of functional
health, a lower risk of falling, and better cognitive function (Voss
et al., 2016). PA is a complex behavior with four main dimensions,
which can be abbreviated as FITT: Frequency of the activity,
usually measured in occasions per week; Intensity at which the
activity is carried out; Time: the duration of the bout of activity;
and Type of activity (Cavill et al., 2006).
This paper aims to systematically review the existing
methodologies that meet the three main criteria: (1) they detect
PA types; (2) the PA data collection is performed in real-life
settings; and (3) portable devices used include accelerometer
sensors (and possibly additional sensors).

PA Types
Researchers utilize various subjective and objective techniques
as well as PA dimensions (FITT) to characterize and interpret
PA. There are numerous studies using thresholds to derive PA
intensity (or PA level, i.e., categorized PA intensity) to quantify
human PA (Clemente et al., 2016; Vanroy et al., 2016; Krüger
et al., 2017; Laakkonen et al., 2017; McCarthy et al., 2017;
Rockette-Wagner et al., 2017; Vanderloo and Tucker, 2017).
However, it is controversial whether defined thresholds for
assessing PA levels can be applied to people from different age
groups. Most studies measuring PA in everyday life have focused
on energy expenditure, but there are studies that report that PA
types per se, such as walking and sitting, can influence health
(Hamer and Chida, 2007; Patel et al., 2010). There is evidence that
suggests self-reported measures underestimate postural positions
and overestimate postural duration (Unge et al., 2005; Teschke
et al., 2009), hence objective, reproducible methods providing
valid measurements of PA types during daily life are required
(Unge et al., 2005; Hendrick et al., 2009).
Today, little is known about types and patterns of PA and
the way they can influence functional and mental health as well
as quality of life (Taraldsen et al., 2012). Accurate measurement
of the daily PA types independently of other PA measures is
therefore important, with one of the challenges in PA research
being to quantify exactly how much and what type of PA
is taking place (McCarthy and Grey, 2015). Furthermore, the
concept of PA types is easier to communicate. For instance,
recommendations regarding the amount of time that should be
spent walking are easier to follow than recommending a certain
level of activity intensity, a concept that most laypersons are
unlikely to clearly understand. Understanding how a specific type
of PA, such as walking, can play a role in human health, providing
useful guidance that is more tangible for people. It would further
facilitate a more transparent comparison of accelerometer data
across different studies (Hendrick et al., 2009).

Accelerometer Sensors
Sensors are the main sources for PA type recognition. Among
the existing portable sensors, accelerometers have gained most
attention and are increasingly popular among users (Shoaib
et al., 2014). Accelerometers are small, light-weight, and mobile
sensors that can record acceleration as well as information about
the movement and activity of users. Accelerometers may be
built into custom-made activity sensing devices, but current
smartphones also include built-in accelerometers and related
sensors, which further enhances the potential of such sensors for
PA measurement.
Recently, several review articles have discussed PA from
different perspectives, with some focused on a particular age
group (Murphy, 2009; Taraldsen et al., 2012; Schrack et al., 2016).
As noted by Taraldsen et al. (2012) and Schrack et al. (2016),
a great variety of methods exist for collecting and analyzing
PA data, which poses significant challenges to comparing and
synthesizing results. There is an urgent need for establishing
guidelines for analyzing and interpreting PA data. Preece et al.
(2009) and Clark et al. (2017) reviewed the literature with a
focus on analysis techniques used for monitoring PA. There are
also review papers highlighting the data collection step in an
attempt to provide information about how different devices can
be utilized in the PA monitoring process (McCarthy and Grey,
2015; Cornacchia et al., 2017; Migueles et al., 2017).
Despite the series of existing review articles, we believe that
it is timely to conduct a systematic review of the literature
in PA monitoring with a focus on methods of PA type
detection (PATD) in real-life environments using accelerometer
measurements, which to the best of our knowledge does not exist
so far. There are still gaps in the existing related reviews that
warrant an updated synthesis and more information is required
about methodological issues using real-life data for PATD. By
systematically analyzing and comparing the related literature,

Abbreviations: PATD, Physical activity type detection.
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the concept of PATD in real-life (Makikawa and Murakami, 1996)
was included despite it lacking a practical section.
The search process is illustrated in Figure 1. The number of
papers collected from each database were: 570 (Web of Science),
850 (Scopus), 120 (PsycINFO), 90 (PubMed). After removing
duplicates, 1,170 were identified, of which 90 were retained
following the screening of titles and abstracts. After full text
screening, 21 publications were included in the detailed review.
The first author assessed all titles and abstracts and all full text
articles, decisions to accept or reject a paper were agreed among
all authors.

we seek to provide relevant insights to help researchers select
appropriate study designs and data processing methods when
conducting a study using accelerometers for PA type detection.

METHODOLOGY
This section introduces the research questions and the
methodology adopted in this paper.

Research Questions
This review paper aims to answer the following research
questions:

Data Extraction

Q1: What are the characteristics of commonly used data
collection processes for PATD? The data collection
processes will be compared according to ambulatory
assessment specifications and participant characteristics.
Q2: What are the existing preprocessing methods used in reallife PATD with respect to segmentation, as well as feature
extraction and selection? The review will mainly focus on
the strengths and weaknesses of these methods and the
signal features that are commonly used.
Q3: What methods are used for physical activity type detection,
and what are their strengths and weaknesses? These
methods will be compared according to accuracy, number,
and types of activities detected, as well as the size of the
training dataset.

The literature review was organized according to the three
main stages of the PATD process: data collection, preprocessing,
and PATD. As shown in Figure 2, various factors can play
a role in how accurately a PA type can be detected using
real-life data. Thus, the information extracted from each
article relates to these key factors, providing the structure for
reporting results:
- Data collection (Data Collection): ambulatory assessment
specification (e.g., device type, sampling rate); participant
characteristics (e.g., number of participants, age group)
- Data preprocessing methods (Section Preprocessing
Methods): signal filtering; signal segmentation; feature
extraction; feature selection/dimensionality reduction
- PATD methods (Physical Activity Type Detection Methods):
focusing on different PATD classifiers as well as how they
compare regarding the classification of different PA types.

Study Selection
Four databases were searched to conduct the systematic literature
review, including Web of Science, Scopus, PsycINFO, and
MEDLINE (PubMed) using keywords contained in the title,
abstract, keywords, text, and topic. The selection of databases,
keywords, and inclusion criteria was based on extensive research
in the PA area and brainstorming with experts. This paper
considers post-1990 literature, as to the best of our knowledge,
PATD in real-life was first introduced in 1996 (Makikawa and
Murakami, 1996). Two categories of search terms were used
and at least one of each two categories of search terms must
be used to combine: (1) “Acceleromet∗ ,” “Inertial measurement
unit,” “gyroscope,” “IMU”; (2) (“Physical activit∗ ” and ((“mode”)
or (“type”))).

RESULTS
Data Collection
This section organizes the results regarding data collection and
attempts to answer the first research question. The extracted
information is summarized in Tables 1–3. Some studies did not
report device specifications or participant characteristics, and
thus were not included in the tables.

Ambulatory Assessment Specification
The ambulatory assessment specification includes information
about the type of device and sensors used for the data collection,
the sampling rate, and sensor placement.

Inclusion and Exclusion Criteria
The inclusion criteria were: (1) focus on methods for PA type
detection; (2) data collection in real-life conditions; (3); one or
more portable devices used including accelerometer sensor(s)
to collect PA-related data; and (4) written in English. When
there were multiple papers from the same authors presenting
the same methodology, only the most comprehensive article
was included in the review. Papers reporting outdoor data
collection in addition to laboratory-based data collection were
also included. Studies not reporting additional information about
PATD methods, which means not making some improvements
or meaningful comparison of existing methods, were excluded.
Book chapters, dissertations, review papers, and studies using
non-human data were also excluded. The first paper introducing
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Device type
Monitoring PA in real-life has seen major advances in the
past decade due to progress made in mobile and wearable
technology. There are important factors such as availability,
cost, and wearing comfort for the users, sensor specifications
of the measurement device and the target physical activities
being identified, all of which can play a role in choosing an
appropriate device for the study. The device used for the data
collection is the cornerstone of the PATD process, as it contains
all the necessary information, such as sensor specification and
raw data, on which the preprocessing and data analysis are
based. Different devices have different technical specifications,
leading to data with different characteristics. On one hand, it
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FIGURE 1 | Flowchart of the systematic literature review on PATD.

FIGURE 2 | Flowchart of PATD process.

assessing PA using the ActiGraph GT3X, please refer to (Migueles
et al., 2017). As shown in Figure 3, there has been a recent
trend towards using smartphones. Smartphones are the seconds
most common device type used for PATD, since they feature
multiple sensors. Also, there is no need for the participant
to carry an additional device, which leads to less annoyance
in long-term, real-life PA monitoring. However, using several
sensors simultaneously causes more battery consumption, which
can be problematic for a battery-limited device, such as a
smartphone. Moreover, sampling may be interrupted or rates
slowed down if priority services (such as an incoming phone call)
take precedence.

is possible to have several sensors embedded in a single device,
yielding a “multi-sensor configuration.” On the other hand, in a
“multi-device configuration,” several devices are used on different
parts of the body. As shown in Table 1, the existing customized
or commercial devices for objective movement analysis (e.g.,
Actigraph, Tracmor, INEEA, etc.) as well as smartphones have
the potential to be used for PATD. Among them, customized
devices, particularly the Actigraph (Actigraph LLC., Pensacola,
FL), which enables daily recordings for several days (Skotte
et al., 2014), is the most common device type used for data
collection. The papers using the Actigraph are highlighted in
bold in Table 1. For a comprehensive review of existing studies
Frontiers in Physiology | www.frontiersin.org
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TABLE 1 | Ambulatory assessment specification.
Ambulatory assessment specification

References

Device

Customized device (e.g., Actigraph, Tracmor,
IDEEA, etc.)

Troped et al., 2008; De Vries et al., 2011; Ruch et al., 2011;
Skotte et al., 2014; Fergus et al., 2015,
Bonomi et al., 2009; Godfrey et al., 2011; Gyllensten and Bonomi,
2011; Reiss and Stricker, 2011; Kwak and Lee, 2012; Nguyen
et al., 2013; van Hees et al., 2013; Adaskevicius, 2014; Barshan
and Yuksek, 2014; el Achkar et al., 2016

Smartphone

Bisio et al., 2012; Bayat et al., 2014; Shoaib et al., 2014;
Spinsante et al., 2016

Sensor type

Number of sensors

Sampling rate

Sensor placement

Accelerometer
Accelerometer + Additional sensor
(e.g., heart rate, GPS, pressure sensor, imaging
sensor, barometer, etc.)

1D

De Vries et al., 2011,
Troped et al., 2008; Ruch et al., 2011; Nguyen et al., 2013;
Fergus et al., 2015; el Achkar et al., 2016

2D

Nguyen et al., 2013; el Achkar et al., 2016

3D

Bonomi et al., 2009; Godfrey et al., 2011; Gyllensten and Bonomi,
2011; Bisio et al., 2012; Bayat et al., 2014; Spinsante et al., 2016,
Kwak and Lee, 2012; van Hees et al., 2013; Adaskevicius,
2014; Shoaib et al., 2014; Skotte et al., 2014

IMU (3D accelerometer + 3D gyroscope + 3D
magnetometer)
IMU+ Additional sensor

Barshan and Yuksek, 2014,
Reiss and Stricker, 2011; el Achkar et al., 2016

1 Accelerometer
1 Accelerometer + Additional Sensor

Bonomi et al., 2009; Godfrey et al., 2011; Bisio et al., 2012; Bayat
et al., 2014; Spinsante et al., 2016,
Troped et al., 2008; Kwak and Lee, 2012; Adaskevicius,
2014; Fergus et al., 2015

>1 Accelerometer
>1 Accelerometer + Additional Sensor

De Vries et al., 2011,
Reiss and Stricker, 2011; Ruch et al., 2011; Nguyen et al.,
2013; van Hees et al., 2013; Barshan and Yuksek, 2014;
Shoaib et al., 2014; Skotte et al., 2014; el Achkar et al., 2016

Counts/steps

Troped et al., 2008; De Vries et al., 2011; Godfrey et al., 2011;
Ruch et al., 2011; Nguyen et al., 2013; Fergus et al., 2015; el
Achkar et al., 2016

Medium (20–50 Hz)

Bonomi et al., 2009; Gyllensten and Bonomi, 2011; Adaskevicius,
2014; Barshan and Yuksek, 2014; Shoaib et al., 2014 Skotte
et al., 2014 Garcia-Ceja and Brena, 2016 Spinsante et al., 2016

High (>50 Hz)

Reiss and Stricker, 2011; van Hees et al., 2013; Bayat et al.,
2014; Garcia-Ceja and Brena, 2016

One part of body

Two parts of body

Three parts of body

Four parts of body

C

Makikawa and Murakami, 1996; Troped et al., 2008; Bonomi
et al., 2009; Fergus et al., 2015

U

Godfrey et al., 2011; Kwak and Lee, 2012; Adaskevicius, 2014

L

Bisio et al., 2012; Spinsante et al., 2016

H&L

Bayat et al., 2014

C&L

De Vries et al., 2011; Nguyen et al., 2013; Skotte et al., 2014; el
Achkar et al., 2016

C&H

Ruch et al., 2011

U&C&L

Gyllensten and Bonomi, 2011

U&L&H

Reiss and Stricker, 2011; Barshan and Yuksek, 2014

C&L&H

van Hees et al., 2013; Shoaib et al., 2014

C&L&H&U

Garcia-Ceja and Brena, 2016

D, Dimension; IMU, inertial measurement unit; Hz, Hertz; C, central part of body; U, upper part of body; L, lower part of body; H, hand.

portable sensors, termed “additional sensors,” such as heart rate
sensors (Kwak and Lee, 2012; Fergus et al., 2015), barometer
and foot pressure sensors (Skotte et al., 2014; el Achkar et al.,
2016), imaging sensors (Ruch et al., 2011; van Hees et al.,
2013; Adaskevicius, 2014), and GPS (Troped et al., 2008;
Nguyen et al., 2013). For example, in el Achkar et al. (2016) a
gyroscope helped to differentiate between motion and posture

Sensor type
During the past decade, the tendency to utilize mobile sensing
in PATD increased dramatically, owing to wearable sensors for
continuous daily PA monitoring of subjects. Different sensors
can obtain different movement information, informing the
classifiers used for PA type recognition. Our results indicate
that in addition to accelerometers, there were various additional

Frontiers in Physiology | www.frontiersin.org
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TABLE 3 | Participant characteristics.

TABLE 2 | Details regarding sensor placement.
References

Sensor
placement

References

Sensor
placement

Fergus et al., 2015

H

Gyllensten and
Bonomi, 2011

I, T, U, M, N, F

Spinsante et al.,
2016

K

van Hees et al.,
2013

B, C, Q, R, H,
W, I, E, V

Bayat et al., 2014

A/K/L/Y

el Achkar et al.,
2016

T/U, X, M

Godfrey et al.,
2011

F

Adaskevicius,
2014

G

Garcia-Ceja and
Brena, 2016

F, B, K, J, I,
T

Kwak and Lee,
2012

F

Nguyen et al.,
2013

J, Q

Troped et al., 2008

H

Skotte et al., 2014

H, M

Ruch et al., 2011

H/W, J

Bonomi et al.,
2009

I

Barshan and
Yuksek, 2014

B, C, O, P, F

Makikawa and
Murakami, 1996

J

Bisio et al., 2012

K/L

De Vries et al.,
2011

H, Q/R

Reiss and Stricker,
2011

D, F, S

Shoaib et al., 2014

K, L, E, B, J

Participant characteristics

References

Age groups

Children (<13 y)

Ruch et al., 2011; Fergus et al.,
2015

Adolescents, young
and middle-aged adults
(13–55 y)

Troped et al., 2008; Bonomi
et al., 2009; Gyllensten and
Bonomi, 2011; Reiss and
Stricker, 2011; Nguyen et al.,
2013; van Hees et al., 2013;
Barshan and Yuksek, 2014;
Bayat et al., 2014; Shoaib et al.,
2014; Skotte et al., 2014

Older adults (>55 y)

el Achkar et al., 2016

Adults of all ages

De Vries et al., 2011; Godfrey
et al., 2011; Spinsante et al.,
2016

<10

Reiss and Stricker, 2011; Bisio
et al., 2012; Adaskevicius, 2014;
Barshan and Yuksek, 2014;
Bayat et al., 2014

10–30

Troped et al., 2008; Bonomi
et al., 2009; Godfrey et al., 2011;
van Hees et al., 2013; Shoaib
et al., 2014; Skotte et al., 2014;
Fergus et al., 2015; el Achkar
et al., 2016

>30

De Vries et al., 2011; Gyllensten
and Bonomi, 2011; Ruch et al.,
2011; Garcia-Ceja and Brena,
2016; Spinsante et al., 2016

Number of
participants

See the senors placement legend in Figure 6.

states. Foot pressure sensors provided information to separate
sitting from standing. Barometers were used for identification
of activities with elevation change, and finally accelerometer
data were utilized for recognizing stairs and ramp climbing.
In Kwak and Lee (2012), combining heart rate data with
accelerometer data increased the fuzzy classification performance
by 20% for differentiating walking speeds compared to using
an accelerometer alone. The studies using accelerometers and
additional sensors are highlighted in bold in Table 1. Commonly,
these sensors are all easy-to-use, cheap, and small enough
to avoid putting a prohibitive burden on the participant.
Multi-sensor configurations provide better results for activity
classification but are not suitable for long-term monitoring if
all the sensors are not embedded in a single device, which
in turn raises an important issue regarding sensor placement
(el Achkar et al., 2016).
Among the existing wearable sensors, the accelerometer
has gained the most attention and increasing popularity
among users (Shoaib et al., 2014). There are different types
of accelerometer, including uni-axial (1D), dual-axial (2D),
and tree-axial (3D). Results indicated that using data from
multiple-axial accelerometers improves the accuracy of PATD
models. However, in recent years, other sensors, such as the
gyroscope and magnetometer, have been combined with an
accelerometer to build inertial measurement units (IMU) to
improve activity recognition performance (Shoaib et al., 2014)
(Figure 4). As 3D accelerometers can provide data in three
different dimensions, more distinctive features can be extracted
compared to when using 1D or 2D accelerometers, respectively.
Figure 4 shows that more than 50% of the studies tended to use

Frontiers in Physiology | www.frontiersin.org

3D accelerometers, followed by 1D-accelerometers, 3D-IMU, and
2D-accelerometers, respectively.

Number of sensors
Determining the number of sensors to use for real-life data
collection is challenging. Increasing the number of sensors may
raise the number of activities that can be classified and improve
the classification performance, but may also render the data
analysis more complex and place more burden on participants
if it requires a multi-device configuration. Conversely, using
only a single accelerometer may not provide enough information
for detecting different types of activity. For example, De Vries
et al. (2011) show that dual accelerometer placement (hip and
ankle) should be considered when detecting activities such as
sitting, standing, using the stairs, walking, and cycling rather
than using only one hip-worn accelerometer. This is supported
by Gyllensten and Bonomi (2011), who also found that it is
problematic to classify real-life activity data by laboratory-trained
algorithms using only a single waist-mounted 3D accelerometer.
Conversely, studies have shown that using a single sensor can lead
to meaningful results in PATD if the appropriate signal features
are chosen (Bayat et al., 2014; Shoaib et al., 2014). In general, the
number and kinds of PA types targeted for detection can also
play role in choosing the number of sensors for data collection.
Approximately 50% of the included studies utilized only one
accelerometer for the PATD and achieved reasonable results
for distinguishing postures and motion activities. Nonetheless,
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FIGURE 3 | Temporal trend of the devices used for PATD.

FIGURE 4 | Temporal trend of the different types of accelerometers used for PATD.

that 80% accuracy using two 1D accelerometers. However, the
method’s performance in discriminating more subtly differing PA
types, that is, sitting and standing, going up, and going down
the stairs and in differentiating between two different walking
speeds and cycling was weak. The authors conclude that in
order to detect transitions between activities or characteristics
representing activity types of cyclical nature, accelerometer data
with a sampling rate >20 Hz are needed. This is confirmed
by Figure 5, which suggests that more studies have recently
gravitated toward using sampling rates higher than 20 Hz, that is,
in the “medium” and “high” categories of Table 1, which is clearly
needed to reliably differentiate between multiple types of posture
and motion PAs.

as mentioned above some studies applied additional sensors
(highlighted in bold in Table 1).

Sampling rate
The sampling rate is the number of readings of accelerometer
data recorded per unit time. The sampling rate used for PATD
varied between 10 and 100 Hz. Some studies also applied the
terms “activity count” (Troped et al., 2008; De Vries et al., 2011;
Ruch et al., 2011; Fergus et al., 2015) or “activity steps” (Troped
et al., 2008; Nguyen et al., 2013; el Achkar et al., 2016) to report
their sampling granularity (Table 1). Activity counts are the sum
of the accelerations measured over a selected period (epoch time)
(Ruch et al., 2011). Therefore, the studies were grouped into
three classes: activity count/step, medium (20–50 Hz), and high
(>50 Hz) sampling rate.
Studies show that a higher accelerometer sampling rate
provides more relevant information for PATD than data than
a lower rate. Furthermore, using a low sampling rate may
make it difficult to distinguish transitions between different
activities or discriminate characteristics of certain activity types
of cyclical, periodic nature (De Vries et al., 2011). The study
by De Vries et al. (2011) applied accelerometer data (counts)
of epochs of only 1 second, succeeding in classifying the rather
distinctive PA types of cycling, walking, and sitting with more
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Sensor placement
Choosing the sensor placement depends on the type of activities
to be identified. Immobility of the device position or wearing
comfort for the participants can also play a role in choosing the
sensor placement. Figure 6 and Table 2 show the accelerometers’
body placement for the included studies. As illustrated, sensors
can be placed on the lower part of the body (pants pocket,
thigh, leg, ankle, knee, shoe, feet), hands (wrist, upper arm),
central part of the body (waist, lower back, hip), or upper
part of the body (chest, shirt pocket), or different combinations
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FIGURE 5 | Temporal trend of the sensor sampling rate used for PATD.

FIGURE 6 | Accelerometer sensor placement: (A) Sensor placement; (B) Frequency of usage of different sensor placements.

of the placements mentioned. The central part of the body is
used most commonly due to this area being more immobile
than the extremities. When only a single accelerometer is used,
the most popular sensor location is on the waist (or hip), as
this is near the center of the body and can best represent
human movement (Liao et al., 2015). Studies have investigated
sensor locations for the most accurate classification performance
in distinguishing different PA types (De Vries et al., 2011;
Skotte et al., 2014; Spinsante et al., 2016), concluding that the
positions close to center of the body such as thigh, hip, and
pocket can lead to high performance in detecting daily activities
such as sitting, standing, walking, running, walking stairs,
and cycling.

Age
Participants’ mobility and PA behavior may differ with age.
Children may perform activities more quickly (Ruch et al., 2011),
whereas older adults would be expected to be slower. Eligible
studies in this review cover different age ranges, from children
aged 10–12 (Ruch et al., 2011; Fergus et al., 2015) to older adults
with a mean age of 83 (Godfrey et al., 2011). Table 3 illustrates
that most studies focused on young people, with only a limited
number of studies of older people or children. Using predefined
thresholds to distinguish between different physical activities
may lead to different findings for the people of different age
groups. Therefore the age of the investigated population and of
the data used to train the classification model is another key
factor for the PATD process.

Participant Characteristics
This section summarizes the information extracted regarding
participant characteristics in terms of age of the study
sample and the number of people who participated in the
eligible studies.

Frontiers in Physiology | www.frontiersin.org

Number of participants
Sample size is another key factor for the PATD process. The larger
the sample size, the greater the number of activities that can be
investigated. Papers were classified into three groups based on
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TABLE 5 | Features used in the PATD process categorized by domain.

TABLE 4 | Preprocessing methods.
Preprocessing
method
Filtering

Signal
segmentation

Method

Butterworth, median
filtering, moving average,
FIR

Windowing
technique

Sliding
window

Activity-based
window

References

Godfrey et al., 2011;
van Hees et al., 2013;
Skotte et al., 2014; el
Achkar et al., 2016;
Spinsante et al., 2016,
Makikawa and
Murakami, 1996;
Adaskevicius, 2014;
Bayat et al., 2014;
Garcia-Ceja and Brena,
2016
Bonomi et al., 2009;
Gyllensten and
Bonomi, 2011; Reiss
and Stricker, 2011;
Bisio et al., 2012;
Nguyen et al., 2013;
van Hees et al., 2013;
Barshan and Yuksek,
2014; Bayat et al.,
2014; Shoaib et al.,
2014; Skotte et al.,
2014; Garcia-Ceja and
Brena, 2016

See details in Table 5.

Feature
selection

PCA

Gyllensten and
Bonomi, 2011; van
Hees et al., 2013;
Barshan and Yuksek,
2014

Clustering

Reiss and Stricker,
2011; Bayat et al.,
2014

the number of participants (Table 3). Surprisingly, most studies
were limited to a small sample size (<30 participants). Given
a small sample size, only a limited number of activities can be
reliably differentiated, and the results may be biased toward the
activity behavior of the few selected individuals, with reduced
reproducibility. Being able to reliably capture the differences in
inter- and intra-individual PA behavior under real-life conditions
requires training data sets of large samples.

Preprocessing Methods
Different preprocessing methods can be applied to prepare the
raw accelerometer data for the activity classification process,
including filtering, signal segmentation, feature extraction,
and feature selection/dimensionality reduction (Table 4). This
section summarizes the preprocessing methods used in the
included works to answer the second research question.

Signal Filtering
Raw acceleration data includes three main components, which
are gravity, body acceleration, and noise. The raw signal often

Frontiers in Physiology | www.frontiersin.org

Extracted features

Time domain

Mean, median, average resultant acceleration, min-max,
range, variance, SD, coefficient of variation, RMS,
interquartile range, nth percentiles, skewness, kurtosis,
correlation, angular feature, peak-to-peak distance,
cross-correlation, absolute deviation, zero crossings,
accelerometer angle, number of peaks, peak amplitude,
peak interval, lag-one autocorrelation, autocorrelation
sequence

Frequency domain

Dominant frequency, the amplitude of the spectral peak,
sum of FFT coefficient, spectral energy, spectral entropy,
cross-spectral densities, power of dominant frequency,
power spectral density, cross-spectral density, peaks of
the DFT

contains high-frequency noise that leads to the distortion of the
actual signal (Adaskevicius, 2014). In signal processing, a filter
removes unwanted components or features from a signal (Smith,
1997). Typical filters used in the eligible studies are for separating
signals such as noise removal, or separating the gravitational
(DC, low-frequency) component from the body acceleration
(AC, high-frequency) component. As Table 4 shows, they include
Butterworth (most common), median, moving average and FIR
(finite impulse response) filters.
Godfrey et al. (2011) removed signal drift by band-pass
filtering the vertical profiles using a 2nd order Butterworth
band-pass filter with lower and upper cut-off frequency of 0.15
and 15 Hz, respectively. The elevation was low-pass filtered
(Butterworth order 10 filter, 0.1 Hz cutoff) to remove highfrequency noise caused by gait and weather fluctuations that
could mask an elevation change in the work of (el Achkar et al.,
2016). Skotte et al. (2014) applied a low-pass Butterworth 4th
order filter at 5 Hz. Spinsante et al. (2016) used a Butterworth
3rd order filter at 0.3 Hz. van Hees et al. (2013) also applied
a Butterworth filter to extract features such as mean and SD
of Euclidean norm of the bandpass-filtered acceleration signals
(0.2–18, 4th order Butterworth filter) and mean of Euclidean
norm of the low-pass-filtered acceleration signals (0.5, 4th order
Butterworth filter).
To reduce scattered misclassification, Skotte et al. applied
median filtering with a window size of 29 s for cycling and
9 s for the other activities. They found that median filtering
improved the overall classification but removed occurrences of
short, isolated physical activity types. For example, a walking
period shorter than 5 s was not detectable if surrounded by longer
periods of standing still (Skotte et al., 2014).
Moving average is a simple filter method for reducing noise.
This makes it the premier filter for time domain encoded signals,
although it is considered the worst filter for frequency domain
encoded signals, with little ability to separate one band of
frequencies from another (Smith, 1997). Adaskevicius applied
a 5-point moving average filter to reduce the signal noise
(Adaskevicius, 2014). The same filter method with 10 points was
used for noise reduction by (Garcia-Ceja and Brena, 2016).

el Achkar et al., 2016;
Spinsante et al., 2016

Feature
extraction

Feature domain
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Bayat et al. generated a digital low-pass filter with a cut-off
frequency of 0.25 Hz. to separate the AC component from the DC
component in each time series of accelerometer signals. The AC
component is mostly related to the dynamic motion the subject
is performing, such as walking or running. On the other hand,
the DC component of the acceleration signal is mainly tied to
the influence of gravity. The authors concluded that the optimal
cutoff frequency in order to exclude the gravity component alone
would range from 0.1 to 0.5 Hz (Bayat et al., 2014). Makikawa
and Murakami (1996) suggested separating acceleration data into
posture data and motion data by the finite impulse response
(FIR) filter. They indicated that low-pass FIR filtered data (below
0.1 Hz) contains the subject’s posture change, and the rest of the
data contains his/her actions. For more information about digital
signal processing and filtering, we refer to (Smith, 1997).

FIGURE 7 | Sliding fixed-size window.

due to the simplicity and ease of interpreting the algorithm
(Bersch et al., 2014).

Signal Segmentation

Feature Extraction

PATD models mostly divide the raw sensor data into smaller
segments; classifiers are then applied separately to each
window. Windowing techniques are a commonly used signal
segmentation approach for PATD, including the sliding window
and the activity-based window method. The sliding (or moving)
window technique integrates sensor readings over a fixed time
(Kozina et al., 2011) as shown in Figure 7. Features are computed
per time window and used as input for learning/testing in the
classification stage (Kozina et al., 2011). Two approaches are
commonly used for data segmentation with sliding windows: the
first relies on non-overlapping sliding windows (Bonomi et al.,
2009; van Hees et al., 2013; Spinsante et al., 2016), while the
seconds uses overlapping sliding windows (Shoaib et al., 2014;
Skotte et al., 2014; el Achkar et al., 2016; Spinsante et al., 2016).
For example, two consecutive time windows may have 50% of
data in common. A range of window sizes have been used in the
included studies, ranging from 2 s (van Hees et al., 2013; Shoaib
et al., 2014; Skotte et al., 2014) to 1 min (Nguyen et al., 2013).
Nonetheless, there was a large inconsistency in deciding which
points to choose to segment the data stream. The challenge of
the windowing technique is the selection of an adequate segment
size for the time window (Shoaib et al., 2014), which decides
how often the features are extracted, consequently affecting the
PA classifier performance. Moreover, applying a fixed sliding
window hinders the exact detection of the activity boundaries, as
in natural conditions, the segmentation would rarely correspond
with the beginning or end of an activity (Bonomi et al., 2009).
Therefore, the overlapping technique may be used to address the
problem of boundary ambiguity.
An alternative type of windowing technique is activitybased windowing, where the extracted time windows have
to belong to the same activity and are non-fixed (el Achkar
et al., 2016; Spinsante et al., 2016). Therefore, activity-based
windowing, in contrast to the windowing technique, selects the
segment size based on activity transitions, thereby removing
boundary ambiguity of acceleration features that might generate
a misclassification. However, some studies highlight that fixedsize, overlapping sliding window segmentation is a common
approach in medical research, e.g., in patient monitoring,

PATD relies on features that have been extracted from
accelerometer signals by transforming the input signals to and
from different domains of representation (Figo et al., 2010). Good
features should be informative, discriminating between PA types
(Barshan and Yuksek, 2014). A feature space is formed by the
total number of features extracted from the data (Spinsante et al.,
2016). Table 5 summarizes the features that were used in the
eligible papers, grouped according to the domain in which the
features were computed, in this case the time domain and the
frequency domain (Spinsante et al., 2016). Time domain features
are typically mathematical or statistical measures derived directly
from the sensor data. The window of the sensor data must first
be transformed into the frequency domain, normally using a fast
Fourier transform (FFT), in order to derive frequency domain
features.
The study of Gyllensten and Bonomi (2011) found that the
acceleration features for posture and motion differ greatly in
real-life settings from those obtained in laboratory experiments.
Also, real-life data showed a higher degree of overlap between
features than laboratory data. Hence, determining what the
most discriminative features are, acting as input to the PA
type classifiers, to achieve the best PATD performance is
what makes the feature extraction step challenging (see also
the following Feature Selection).A wide range of features
have been identified in the literature, depending on the
data type from which they are extracted and the target PA
types (Spinsante et al., 2016). Thus, it makes little sense
trying to compile a simple best list of features. Instead,
representative examples are provided below relating features
to particular PATD problems. Choosing appropriate features
is crucial for detecting desired activity types. For instance,
when using a single sensor and the device orientation is
not fixed, recognizing certain activity types such as sitting
becomes challenging, and the mean values of accelerometer
readings do not form discriminative features (Bisio et al.,
2012; Barshan and Yuksek, 2014). Extracting orientation
independent features such as acceleration magnitude helps
(Spinsante et al., 2016). To avoid the orientation problem, a
good solution is to estimate the gravity component, which

Frontiers in Physiology | www.frontiersin.org

10

February 2019 | Volume 10 | Article 75

Allahbakhshi et al.

Real-Life PA Type Detection

reduction seeks to identify the most informative and best
discriminating features in extracted feature vectors, reducing
the number of features, thereby decreasing the computational
complexity of the classification process and the amount of
training data needed for parameter estimations. Two types of
techniques, clustering, and principal component analysis, were
used for this purpose in the reviewed studies.

can result in orientation independent features such as the
vertical and horizontal components of accelerometer signals
as computed in (Adaskevicius, 2014). As noted by Bayat
et al. (2014), the average on each axis of a 3D accelerometer
over a given time period can serve as a good estimate for
gravity component.
To group activities into posture and motion, the SD of the
acceleration in the mediolateral axis and SD in the vertical
direction were used as discriminating features in (Bonomi et al.,
2009) and (Skotte et al., 2014), respectively. (el Achkar et al.,
2016) extracted angular velocity from gyroscope readings to
distinguish motion from posture by performing step detection.
They used the integration metric, which measures the area under
the signal curve and is commonly applied to estimate speed
from accelerometer signals (Figo et al., 2010). Using the integral
of the total magnitude of 3D acceleration, after subtracting
the magnitude of static acceleration (gravity), Godfrey et al.
(2011) provided an estimate of vertical velocity from a 3D chestmounted accelerometer to differentiate between walking and the
postural transitions of standing to sitting, or sitting to standing.
This was achieved by examining the maximum positive and
negative peak values of the vertical velocity around the time of
a postural transition.
To differentiate between postures, Bonomi et al. (2009)
suggested using the cross-correlation between subsequent time
intervals of the z-axis of a 3D accelerometer to identify
sitting and standing. The scalar product of a chest-mounted
3D accelerometer provided the change of trunk tilt feature,
without the need of a gyroscope, helping in separating between
postures, i.e., sitting, standing, and lying (Godfrey et al.,
2011). Discriminating between sitting and standing postures
is challenging using only the inclination of a single 3D
accelerometer mounted on the hip, but this feature helps to detect
the lying posture (Godfrey et al., 2011; Skotte et al., 2014).
SD in the mediolateral axis and SD of the vertical direction
discriminate appropriately in intensity estimation (Godfrey et al.,
2011; Skotte et al., 2014), for instance, to differentiate between
running and walking (Reiss and Stricker, 2011). Another feature
for intensity estimation is the average number of occurrences
of peaks, termed average peak frequency (APF), that can better
represent high-intensity activities compared to the average time
between signal peaks (Bayat et al., 2014). The inclination feature
provides a clear-cut separation to discriminate between cycling
and horizontal walking and walking stairs. As it is not sufficient
to discriminate between level walking and walking stairs, an
additional angular feature, the forward/backward angle θ of
the thigh was introduced in (Skotte et al., 2014) by using
the square root of total magnitude of acceleration and the zaxis component (pointing horizontally forward). Generating a
ground slope as an angular feature using frontal and vertical
accelerations of a 3D accelerometer during foot-flat position
helped to differentiate stairs from uphill/downhill walking in (el
Achkar et al., 2016).

Clustering
Clustering is a commonly used method to identify the most
informative features in feature vectors (Gyllensten and Bonomi,
2011; Spinsante et al., 2016). Relevant features can discriminate
clusters, while irrelevant features cannot; therefore clustering
can help identify relevant features, thus improving classification
efficiency and quality (Bayat et al., 2014).
To illustrate this point, consider the following: Different
device orientations may cause acceleration readings, measured
for the same activity, to vary between persons. Moreover,
different people may perform the same activity in different
ways. This variability can lead to substantial differences in
the features extracted from accelerometer data. If the feature
extraction has been performed well, features belonging to
the same activity should form clear clusters in the feature
space, while they should be clearly separated if pertaining to
different PAs (Spinsante et al., 2016). Likewise, if the clustering
algorithm produces homogeneous groups in terms of the activity
of their members, this provides a strong indication that a
classification algorithm should be successful in differentiating
between the different activities (Huynh and Schiele, 2005).
Bayat et al. (2014) evaluated different features from the point
of view of clustering. The k-means algorithm was used to
cluster different features so that the features having the best
performance in discriminating PAs could be identified in
Reiss and Stricker (2011).

Principal component analysis (PCA)
Dimensionality reduction decreases the dimensionality of the
feature space to a minimum, thus limiting the computational
complexity of the classification process and the amount of
training data needed for parameter learning, while still achieving
the desired classification performance (Spinsante et al., 2016).
PCA also reduces the dimensionality of the feature space to
find the most distinguishable features (van Hees et al., 2013).
PCA applies an orthogonal transformation converting a set
of observations of possibly correlated features into a set of
new, linearly uncorrelated features called principal components.
Thus, PCA helps to reduce the computational complexity of the
PATD process, thereby decreasing the memory and bandwidth
requirements for real-time processing on embedded systems
(Spinsante et al., 2016). In Barshan and Yuksek (2014), the
initially large number of features was reduced from 1170 to
30 through PCA. To visualize the (dis)similarities between data
collected in the laboratory and in real-life conditions, two PCA
decompositions were performed in Gyllensten and Bonomi
(2011): one using different postures and a seconds one using
motion activities. Thus, it became apparent that, as mentioned

Feature Selection
As shown in Table 5, a wide variety of features can be extracted
from accelerometer data. Feature selection and dimensionality
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In the studies that applied DT, an average accuracy above
80% was achieved for detecting more than four different daily
living activity types using a small training dataset (Table S1).
Activities detected by DT cover all different levels of PA
such as sedentary (sitting/standing/lying), moderate (walking),
and vigorous (jogging/running) activities (Godfrey et al., 2011;
Gyllensten and Bonomi, 2011; Adaskevicius, 2014; Skotte et al.,
2014; Garcia-Ceja and Brena, 2016).
Neural network (NN) classifiers, also called artificial neural
networks (ANN), take seconds place in the popularity among
the reviewed studies that used only a single classifier. However,
unlike with DTs, it is more complex and difficult for a user
to comprehend how exactly an NN algorithm classifies its
inputs. The NN classifiers are powerful approaches that have the
potential to be used for detecting different posture and motion
activities with high classification performance (Gyllensten and
Bonomi, 2011; Ruch et al., 2011; Barshan and Yuksek, 2014;
Bayat et al., 2014; Fergus et al., 2015; Spinsante et al., 2016).
One of the restrictions of this classifier is the high processing
time for the model development, which makes it not a very
optimal classifier for a real-time application. Comparing the
eligible studies that used this classifier when only a single
classifier is used, different architectures of NN behaved differently
depending on different numbers and types of activity as well
as different study designs (Table S1). When the number of
activities increased, the performance of ANN decreased by 14%
using two 1D accelerometers (De Vries et al., 2011), whereas
in the study of Barshan and Yuksek (2014), NN achieved
more than 99% performance in detecting 19 activity types
using five 3D IMU and half a day of real-life data. MLP, as
a particular type of NN, also gained a very high performance
in detecting four activities using unrestricted training data
(Fergus et al., 2015).
The k-nearest neighbor (k-NN) classifier is one of the simplest
ML algorithms. It assigns a test data point to the class that most of
its nearest training data points belong to (Ruch et al., 2011). The
restriction of this method is to find the best number of neighbors
(k), which is a user-defined constant. Moreover, compared to
DTs, k-NN may be slower when a large dataset is processed due to
the distance calculation requirements. Using k-NN classification,
Adaskevicius (2014) detected daily postures and motion such
as sitting and walking at different speeds. He showed how
replacing the Euclidean distance by the correlation distance in the
acceleration feature could improve the classification performance
of k-NN, as the Euclidean distance does not perform well
when only a few features play a role in a high-dimensional
classification problem.
Fuzzy classifiers are in principle a better method for reallife PATD than conventional approaches, as they can deal
with uncertainty in the input data (Kuncheva, 2000). However,
defining appropriate fuzzy membership functions and fuzzy rules
is challenging (Preece et al., 2009). Kwak and Lee (2012) applied
neuro-fuzzy classification, which unlike the common clustering
methods, does not consider the borders between neighboring
classes to be rigid, but assumes the transitions to be continuous,
where an object within the intersection area owns a degree
of membership in each class. Seventy Percent classification

above, the acceleration features for common classes of activities
differ greatly in real-life vs. what is measured in the laboratory.

Physical Activity Type Detection Methods
This section summarizes the eligible studies regarding the
number and types of activities detected (Number and
type of target PAs), the characteristics of the study setting
(Characteristics of data used), as well as the classification
methods used and the performance achieved (PA classifiers and
their performance). Table S1 provides a concise and complete
summary of key parameters [PA types, study setting, classifier(s),
performance] for each eligible study.

Number and Type of Target PAs
The number of activities represented in the included studies
ranges from 2 to 19, with the most common posture and motion
activities in real-life conditions including sitting, standing, lying,
walking, stairs/non-level walking, running, and cycling, which
were introduced as simple activities in the categorization of
Spinsante et al. (2016).

Characteristics of Data Used
Participants’ home, university building, university campus,
school playground, or classroom are examples of study settings
that have been used for training data collection in the process of
PATD. There is large variation in the amount of training data
used for PA type classification, with the duration of the data
collection ranging from <1 h to 1 week.

PA Classifiers and Their Performance
The next step after preprocessing consists of the actual
application of a classifier for PATD. Different classifiers have been
utilized for PATD in the studies reviewed here, including several
types of machine learning (ML) classifiers, fuzzy logic classifiers,
rule-based/threshold-based classification, or statistical analysis
(Table S1). The degree of complexity of these classifiers varies
from simple threshold-based to more advanced algorithms, such
as ML algorithms.
Decision trees (DT), a representative of ML classifiers, are the
most popular in the included studies when only a single classifier
is used. After extracting and selecting appropriate features from
the training data the DT algorithm infers thresholds resulting
in dichotomous tree splits, based on the derived features for
the activity classification. The disadvantage of this method is
that if the features are not selected appropriately and include
high intra-class variability, the risk of overlaps between values
of different activities increases, leading to reduced classification
performance due to the relatively simply threshold inference
algorithm used (Bonomi et al., 2009). On the other hand,
the advantages of this method include low computational
requirements and simple implementation (Reiss and Stricker,
2011). As DT can be turned into a graphical representation
(i.e., a tree) of the underlying decision rules, they are simpler
to understand and interpret than other ML classification
methods. Compared to threshold/rule based classifiers (see
below), DT have the advantage that the decision structure is
inferred automatically by the algorithms and not manually.
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accuracy was achieved for detecting different walking speeds
using accelerometer data only; adding heart rate data the
classification accuracy increased to 99.03%. None of the eligible
studies used this classifier for detecting postures.
In rule-based classifiers, also called threshold-based classifiers,
postures, and motion patterns are detected by manually applying
thresholds to the signal of the body worn sensor. The thresholds
may be derived from domain or expert-knowledge and used for
all subjects. The discrimination between more classes of activities
will require a greater number of threshold values. The results of
the eligible studies show that this approach performed well in
detecting PA using real-life datasets. Postural transition, walking
at different intensity levels, lying, sitting, standing, and stairs were
successfully distinguished with high classification performance.
Of the two studies using threshold-based rules, el Achkar et al.
(2016) used multiple sensors, whereas Godfrey et al. (2011)
applied a single chest-worn accelerometer. The first approach
achieved more than 97% performance in detecting nine different
activities using 10 h of data, while the seconds one successfully
detected four activities gaining 89% specificity. According to el
Achkar et al. (2016) the advantage of their approach is that it is
based on rules about biomechanical characteristics of movement,
which make it potentially adaptable to populations of different
ages as it is not resulting from a training/testing approach and
the method can also help in detecting the number of steps.
Comparatively, in Godfrey et al. (2011), using the minimal sensor
configuration, a reasonable performance in postural transition
was obtained.
Using discriminant function analysis, Troped et al. (2008)
found that the combination of a GPS and an accelerometer can
improve detecting activities such as walking, jogging/running,
bicycling, and driving an automobile. Adding GPS can also
provide contextual information about the place where the PA
is happening, but having only small amounts of data led to a
reduced number of detectable activities (Troped et al., 2008).
The variability in the ambulatory assessment specification
and preprocessing methods used in the eligible studies makes
the comparison between the classifiers difficult. However, our
review also covered a few studies that compared different
classification methods using same training data set. This helped
to achieve some insight regarding the performance of each
individual classifier. Spinsante et al. (2016) compared k-NN,
NN, and DT, with NN achieving a classification accuracy of
99%, outperforming the other two methods using lab-based data.
However, considering additional characteristics such as file size,
performance, interpretability and training time all together, DT
outperformed the other two. Regarding the time required to train
the models, k-NN was the fastest with sub-seconds computation,
because it is a “lazy” classifier. The DT classifier was also fast,
while the NN method was the slowest (Spinsante et al., 2016).
In the comparative study of (Barshan and Yuksek, 2014),
which detected the highest number of posture and motion
activities (nineteen) of the studies reviewed, ANN, SVM,
and Gaussian mixture models (GMM) achieved the highest
performance of above 99% using only half a day of training data.
Barshan and Yüksek showed that how using a different validation
method or a different software toolbox (PRTools or WEKA) can
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affect the classification results. For example, using PRTools, it is
not possible to initialize important parameters for implementing
ANN. Therefore, the performance of ANNs implemented in
PRTools does not reflect the true potential of the classifier and
is lower compared to when implemented in WEKA. Regarding
the validation methods, ANNs and SVMs achieve better results
than GMM when applying L1O cross validation, whereas using
k-fold cross validation makes the GMM model superior to the
other classifiers. Barshan and Yüksek also pointed out that ANNs
and SVMs are less sensitive to the overfitting problem compared
to the GMMs. However, the GMM method had the advantage of
lower computational requirements.
Shoaib et al. (2014) compared 9 classifiers in detecting 8
activity types using different sensors, sensor placements, and
extracted features. They showed how these factors of ambulatory
assessment specification and preprocessing can play a role in
PATD. In their study, the gyroscope performed better than the
accelerometer in most cases when either DT or k-NN classifiers
were used, especially at the pocket or belt positions using
both time and frequency domain features. The results show
that the performance of the accelerometer and the gyroscope
for recognizing the activities of walking upstairs and walking
downstairs, respectively, depend on the body positions, the data
features and the classification methods being used.
One of the main challenges of supervised PATD methods
is the need for large amounts of labeled data. Garcia-Ceja and
Brena (2016), proposed a method which requires only a small
amount of labeled data for PATD. The personalized method is
based on finding activity similarities between a group of previous
users and a target user. Comparing the personalized method with
the general model and user-dependent model, the personalized
method was best when only a small amount of labeled data
was available.
Finally, combining several classifiers is a promising approach,
as a meta-classifier can achieve higher classification performance
compared to using a single classifier only. Although a
meta-classifier will invariably increase the complexity of the
classification, it can provide a superior result by combination of
simpler individual classifiers (Preece et al., 2009). As shown in
Table S1, in all the studies that applied a fusion method, the metaclassifiers outperformed the individual classifiers (Gyllensten and
Bonomi, 2011; Ruch et al., 2011; Bayat et al., 2014). However,
meta-classifiers also showed weaker performance on real-life
datasets compared to using controlled data.

DISCUSSION
As becomes obvious from the above results, there is a significant
variation in the key factors involved in PATD in real-life
settings. In this section, we try to distill the insights and
lessons that can be gained from our systematic review. We
start in General observations with a set of general observations
that can be made regarding the overall domain studied. We
then continue to discuss the results more specifically regarding
two broad and crucial physical activity classes, posture and
motion. These two classes of PA not only have different
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effects on human health, particularly for healthy aging, such
as lower levels of functional health and motion activities, a
higher risk of falling, and worse cognitive function (Voss et al.,
2016), but also directly impact the entire workflow of PATD,
including data collection, preprocessing, and PATD methods.
Table 6 summarizes the activity types per PA class, as detected
by the eligible studies. Detecting Postures presents insights
specifically related to distinguishing between different postures,
while Detecting Motion Physical Activities reports the key factors
regarding differentiating between motion activities. Detecting
Posture and Motion Activities provides insights concerning
the differentiation of postures from motion activities. Finally,
Limitations and Potential Bias briefly points out the limitations
of this study.

TABLE 6 | Physical activity types.
Physical
activity
class

Physical activity
type

Reference

Posture

Sitting

Troped et al., 2008; Bonomi et al., 2009; De
Vries et al., 2011; Godfrey et al., 2011; Bisio
et al., 2012; Adaskevicius, 2014; Barshan
and Yuksek, 2014; Shoaib et al., 2014;
Skotte et al., 2014; Fergus et al., 2015; el
Achkar et al., 2016; Garcia-Ceja and Brena,
2016; Spinsante et al., 2016

Standing

Bonomi et al., 2009; De Vries et al., 2011;
Godfrey et al., 2011; Bisio et al., 2012;
Barshan and Yuksek, 2014; Skotte et al.,
2014; el Achkar et al., 2016; Spinsante et al.,
2016

Lying

Bonomi et al., 2009; Godfrey et al., 2011;
Gyllensten and Bonomi, 2011; Reiss and
Stricker, 2011; Nguyen et al., 2013; Barshan
and Yuksek, 2014; Skotte et al., 2014

Stationary

Ruch et al., 2011; van Hees et al., 2013

Walking

Troped et al., 2008; Bonomi et al., 2009; De
Vries et al., 2011; Godfrey et al., 2011;
Gyllensten and Bonomi, 2011; Reiss and
Stricker, 2011; Ruch et al., 2011; Bisio et al.,
2012; Kwak and Lee, 2012; Nguyen et al.,
2013; van Hees et al., 2013; Adaskevicius,
2014; Barshan and Yuksek, 2014; Bayat
et al., 2014; Shoaib et al., 2014; Skotte et al.,
2014; Fergus et al., 2015; el Achkar et al.,
2016; Garcia-Ceja and Brena, 2016;
Spinsante et al., 2016

Running/jogging

Troped et al., 2008; Bonomi et al., 2009;
Gyllensten and Bonomi, 2011; Reiss and
Stricker, 2011; Ruch et al., 2011; Bisio et al.,
2012; Kwak and Lee, 2012; Nguyen et al.,
2013; Adaskevicius, 2014; Barshan and
Yuksek, 2014; Bayat et al., 2014; Shoaib
et al., 2014; Skotte et al., 2014; Fergus et al.,
2015; Garcia-Ceja and Brena, 2016;
Spinsante et al., 2016

Cycling/biking

Troped et al., 2008; Bonomi et al., 2009; De
Vries et al., 2011; Gyllensten and Bonomi,
2011; Reiss and Stricker, 2011; Ruch et al.,
2011; Nguyen et al., 2013; Barshan and
Yuksek, 2014; Shoaib et al., 2014; Skotte
et al., 2014

Non-level walking
(upstair/downstair,
uphill/downhill)

De Vries et al., 2011; Reiss and Stricker,
2011; Nguyen et al., 2013; Barshan and
Yuksek, 2014; Bayat et al., 2014; Shoaib
et al., 2014; Skotte et al., 2014; el Achkar
et al., 2016; Garcia-Ceja and Brena, 2016;
Spinsante et al., 2016

Other

Troped et al., 2008; Bonomi et al., 2009; De
Vries et al., 2011; Gyllensten and Bonomi,
2011; Ruch et al., 2011; Nguyen et al., 2013;
Adaskevicius, 2014; Barshan and Yuksek,
2014; Bayat et al., 2014; Fergus et al., 2015;
el Achkar et al., 2016; Garcia-Ceja and
Brena, 2016

General Observations
The vastly different use of devices, sensors, sampling rates,
and numbers and types of PAs reported in the eligible studies
points to a lack of guidelines for PA data collection. Therefore,
developing a standardized protocol, or at least a set of best
practice guidelines, for data collection in a clearly defined reallife study setting with a concrete and transparent, predefined list
of daily living activity types is crucial for future research.
Most studies applied a supervised method for PATD. One
of the main challenges of this approach is the need for having
labeled data. In relation to the point just made above, we
suggest that one or several labeled, documented and openly
available reference data sets should be created that cover
different age groups and include meaningful types and numbers
of transparently defined daily physical activities. Only the
availability of common reference data can provide the possibility
of comparing existing methods as well as developing improved
methods for PATD in real-life settings.
Meanwhile, different validation methods have been applied
in the included studies, e.g., training classifiers with one data
set and testing with another data set, leave-one-out (L1O) cross
validation, and k-fold cross validation. Additionally, the use of
different metrics for reporting classification performance, such
as overall accuracy, F-score, sensitivity or others is a further issue
that makes the comparison between studies difficult.

Motion

Detecting Postures
Among the eligible studies, there are ones that distinguish three
postures, namely sitting, standing and lying (Bonomi et al., 2009;
Godfrey et al., 2011; Barshan and Yuksek, 2014; Skotte et al.,
2014), and ones targeting the two postures sitting and standing
(De Vries et al., 2011; Bisio et al., 2012; Shoaib et al., 2014; el
Achkar et al., 2016; Spinsante et al., 2016), respectively. There
are also studies that combine sitting and standing into one
class (sitting/standing) (Gyllensten and Bonomi, 2011; Reiss and
Stricker, 2011; Nguyen et al., 2013) or group different types of
postures as stationary (Ruch et al., 2011; van Hees et al., 2013).
In general, differentiating between different postures needs
to rely on the gravity component of the accelerometer data,
particularly gravity direction/inclination.

Frontiers in Physiology | www.frontiersin.org

Ambulatory Assessment Specification
As mentioned above, different types of postures such as sitting,
standing and lying can be grouped into one class called stationary
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the standing position and upright sitting. The inclination of a
thigh accelerometer gives the angle between the vertical line and
the thigh axis, which can more precisely differentiate between
sitting and standing. The trunk tilt feature extracted from a
chest sensor can distinguish between lying and sitting/standing
(Godfrey et al., 2011). Lying can also be detected with high
performance using the peak absolute value of a chest-mounted
accelerometer, as it has a different upper body orientation
compared to other activities (Reiss and Stricker, 2011). The
cross-correlation between subsequent time intervals of the
antero-posterior lower-back acceleration can identify sitting
and standing (Bonomi et al., 2009). Similarly, the intensity of a
vertical accelerometer mounted on the waist helps distinguishing
between sitting and standing (Nguyen et al., 2013). The total
force (TF) parameter can be calculated using foot pressure
sensors embedded in a shoe by considering a person’s body
weight, which is helpful to distinguish sitting and standing and
also their transitions (el Achkar et al., 2016).

(Ruch et al., 2011; van Hees et al., 2013; Spinsante et al., 2016).
To detect the stationary class, using one single 3D pocketaccelerometer (20 Hz) collected by smartphone (Spinsante et al.,
2016), or alternatively applying activity counts/steps from a 1D
accelerometer worn on the hip and collected by Actigraph, can
be sufficient (Ruch et al., 2011). However, to distinguish between
different sub-types of the stationary class such as sitting, standing,
and lying, other key factors such as sensor configuration and
preprocessing should be considered carefully.
In general, to detect postures, the accelerometer is a very
promising sensor as it includes the gravity component. Triaxial
accelerometers can better inform a classifier than 1D or 2D
accelerometers, and are thus recommended. Sensors such as GPS
or foot pressure sensors may be also added to further improve the
detection of postures (Nguyen et al., 2013; el Achkar et al., 2016).
A single 3D chest-mounted accelerometer provides a minimal
configuration to distinguish not only between sitting, lying and
standing but also detect the postural transitions from sitting to
standing and from standing to sitting (Godfrey et al., 2011).
Similarly, a single placement configuration including a 3D IMU
with a foot pressure sensor both embedded in a shoe was found
to be sufficient to detect postures and postural transitions (el
Achkar et al., 2016). A thigh-mounted 3D accelerometer helps
to differentiate between sitting and standing more precisely than
an accelerometer placed on the hip (Reiss and Stricker, 2011;
Skotte et al., 2014). However, the hip accelerometer data is
useful to distinguish the lying posture from sitting/standing
(Skotte et al., 2014).
While a single chest-sensor or a single-site shoe embedded
sensor configuration may suffice to distinguish the three basic
postures of sitting, standing, and lying, more sensors are required
to distinguish subtypes of postures. For example, with a fivesensor configuration (knees, wrists, chest), 19 motion patterns
and postures including sub-types of lying (lying on the back and
on the right side) can be detected (Barshan and Yuksek, 2014).

Physical Activity Type Classification Methods
Misclassification issues may be observed in differentiating
between sitting, standing and lying using real-life datasets
(Bonomi et al., 2009; De Vries et al., 2011; Gyllensten and
Bonomi, 2011; Reiss and Stricker, 2011; Skotte et al., 2014)
as, for example, a leaning posture might be more frequent in
real-life compared to the controlled condition. Also, in real-life
settings, there is significant inter-individual variability in postural
states (Gyllensten and Bonomi, 2011). Therefore, a larger
number of subjects from different age cohorts are required to
investigate these effects. Using the threshold-based approaches,
it is important to consider the precise location and fixation of
the sensors, as the sensor orientation can affect the recorded
data and alter the expected results (Adaskevicius, 2014). A chestmounted accelerometer or an IMU together with a foot pressure
sensor embedded in the shoe can result in high threshold-based
classification accuracy with a minimal sensor configuration for
detecting postures (Godfrey et al., 2011; el Achkar et al., 2016).

Preprocessing
The raw accelerometer data requires preprocessing, including
filtering, signal segmentation, and feature extraction. Low-pass
filtering should be used to extract the gravity component
of accelerometer signal, which is necessary for detecting
postures. Different filters have been applied to reduce noise,
including Butterworth and FIR, with Butterworth being the most
frequently used.
Regarding features extracted, the gravitational (DC)
component of the accelerometer (i.e., signal output <0.5 Hz)
allows the assessment of change in position in relation to the
gravitational axis (i.e., inclination in degrees). For example, the
orientation of the vertical direction of the body with respect
to the direction of gravity is the feature to identify lying.
The lying posture can be defined as an inclination of the hip
accelerometer above 65◦ (Skotte et al., 2014). Based on the body
sensor placement, the calculated inclination can help detecting
different postures. For instance, the reason that the thigh
accelerometer is able to better detect the sitting posture than the
hip/lower-back/waist accelerometer is that the inclination of the
hip-mounted accelerometer does not differ significantly between

Frontiers in Physiology | www.frontiersin.org

Detecting Motion Physical Activities
Among the motion activities, active modes of transport such
as walking, cycling/biking, and jogging/running contribute to
reduced risk of physical and mental health problems (Physical
Activity Guidelines Advisory Committee, 2008). Some of the
included studies detected all these active modes of transport
(Troped et al., 2008; Bonomi et al., 2009; Gyllensten and Bonomi,
2011; Reiss and Stricker, 2011; Ruch et al., 2011; Nguyen et al.,
2013; Barshan and Yuksek, 2014; Shoaib et al., 2014; Skotte et al.,
2014). Almost all the eligible studies detected the walking activity,
while some also considered different speeds of walking (Reiss
and Stricker, 2011; Kwak and Lee, 2012; Adaskevicius, 2014;
Bayat et al., 2014). Running/jogging is the second commonly
detected motion activity, followed by cycling/biking. Almost half
of the included studies detected non-level walking activities such
as walking downstairs/upstairs or walking downhill/uphill (De
Vries et al., 2011; Reiss and Stricker, 2011; Nguyen et al., 2013;
Barshan and Yuksek, 2014; Bayat et al., 2014; Shoaib et al., 2014;
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time between peaks is also a useful feature for recognizing highintensity activities (Bayat et al., 2014). Using a 3D accelerometer,
the variance or SD in different axes is an indicator of different
motion activities. For example, using a lower-back mounted
accelerometer, a high value of the SD of the acceleration in the
vertical direction of the body is indicative of running, while the
SD in the antero-posterior and the vertical direction can be used
to discriminate walking and cycling (Bonomi et al., 2009). The
SD of the vertical axis of a 3D thigh-mounted accelerometer can
differentiate between running and walking, as well as between
postures and other motion activities. Using the same sensor
placement, the inclination feature can discriminate between
cycling and walking stairs. The forward/backward angle of the
thigh is distinctive for walking/running and non-level walking
(Skotte et al., 2014). Using the frontal and vertical accelerations of
a shoe-embedded 3D accelerometer can provide an informative
feature differentiating stairs from walking uphill/downhill
(el Achkar et al., 2016).

Skotte et al., 2014; el Achkar et al., 2016; Garcia-Ceja and Brena,
2016; Spinsante et al., 2016).
In general, motion activities mostly involve the movement of
the whole body. And therefore, differentiating between different
motion activities needs to make use of the body motion
component of the accelerometer data.

Ambulatory Assessment Specification
Similar to the process of posture detection, for recognizing
the active modes of transport, a multi-axis accelerometer is a
promising sensor to use. The results indicate that for detecting
walking, cycling, and running, the accelerometer performs better
than other sensors such as a gyroscope regardless of sensor
placement, the feature set, and the classifier used (Shoaib
et al., 2014). However, the gyroscope is also able to detect
these activities reasonably well. Linear acceleration (the AC
component) can also be used for detecting these motion
activities. A magnetometer also achieves reasonable performance
when direction-insensitive features such as variance, zero
crossings and root mean square values are used (Shoaib et al.,
2014). Additional sensors such as GPS (Troped et al., 2008;
Nguyen et al., 2013) and heart rate sensors (Reiss and Stricker,
2011; Kwak and Lee, 2012) can improve motion detection.
(Troped et al., 2008; Nguyen et al., 2013) are two of very few
studies using an accelerometer and GPS data in combination,
despite the high potential that GPS could have in providing
spatial contextual information that could further inform the
detection of motion PAs. However, aiming for a minimal sensor
configuration, which is preferable for real-life PA monitoring, a
single waist-mounted 3D accelerometer is sufficient for detecting
walking, running, and cycling (Bonomi et al., 2009; Gyllensten
and Bonomi, 2011). Conversely, to reliably distinguish nonlevel walking, additional sensors such as a barometer (el Achkar
et al., 2016) or a 3D thigh-mounted accelerometer may be
required (Skotte et al., 2014). The target motion activities
determine the sensor placement. For instance, a sensor placed
on the wrist is preferable when trying to distinguish dailylife activities with similar lower-body, but significantly different
upper-body movement (Reiss and Stricker, 2011). For instance,
using a hand (wrist, upper arm, hand) accelerometer, by
extracting the periodic pattern of arm swinging, motions such
as walking at different speeds and running can be detected
(Reiss and Stricker, 2011).

Physical Activity Type Detection Methods
The type of sensor as well as sensor parameters used can
affect the classification performance. For example, a simple
ANN model based on two 1D accelerometers may not be
successful in discriminating between two self-paced speeds of
walking and cycling using accelerometer counts (De Vries et al.,
2011). Conversely, using a sensor configuration comprising 5
IMU, an SVM classifier was able to differentiate between 19
motion activities and postures with high accuracy, followed
by an ANN using the WEKA software (Barshan and Yuksek,
2014). However, using a different software toolbox (PRTools),
the GMM model took the leading role applying repeated random
sub-sampling (RRSS) and k-fold cross-validation as validation
methods; applying L1O cross validation, ANNs and SVMs stayed
superior using the PRTools toolbox (Barshan and Yuksek, 2014).
These results show that even the software and validation methods
used may have an influence on the classification performance
that can be achieved. Finally, the results of Bonomi et al. (2009)
indicate that applying the minimum sensor configuration of
a single lower-back 3D acceleration, a DT classifier is able to
successfully distinguish between different motion activities with
an accuracy of 93%.

Detecting Posture and Motion Activities
Ambulatory Assessment Specification
Most human PA routines may be described by the motion
activities of walking, cycling, running, and the postures of
sitting, standing, and lying. It is thus important to be able to
distinguish between these activities in the real-life PATD process
(Reiss and Stricker, 2011). Moreover, from the clinical point
of view, it is particularly crucial for PA behavior monitoring
in the healthy aging context to discriminate postures such
as sitting and standing from motion types such as walking
(el Achkar et al., 2016).
While a dual accelerometer position is recommended for
reliable PA distinction, particularly for postures (De Vries et al.,
2011; Gyllensten and Bonomi, 2011; Reiss and Stricker, 2011),
there is evidence asserting the validity of using a single 3D

Preprocessing
High-pass filtering helps to isolate the body motion of the
acceleration signal (Bayat et al., 2014). Depending on the type
and placement of the sensor, different informative features
for detecting motion activities can be extracted. Representative
distinctive features for differentiating motion activities are
provided below.
The forward/backward acceleration in hand/pocket
placement can represent the periodic behaviors of walking
at different speeds, running, and non-level walking, but with
distinctive patterns (Bayat et al., 2014). Applying the same
sensor placement, the average number of occurrences of peaks
in each signal window of the accelerometer instead of average
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accelerometer with (el Achkar et al., 2016) or without (Godfrey
et al., 2011) additional sensors on a single position for accurate
activity classification of postures and transitions between them.
A 3D accelerometer provides more information compared to 1D
and 2D accelerometers. Using a 1D or 2D accelerometer will
increase the number of required sensors (Troped et al., 2008; De
Vries et al., 2011; Ruch et al., 2011; Nguyen et al., 2013; Fergus
et al., 2015) for reliable PATD. To detect all the basic postures and
motion activities in daily life, using a single-position system was
shown to be problematic (Gyllensten and Bonomi, 2011). Two
3D accelerometers mounted on the thigh and hip, respectively,
was shown to distinguish with a high classification accuracy of
more than 95% the main types of postures and motions, that is,
sitting, standing, lying, walking, cycling, running, and non-level
walking (Skotte et al., 2014).
Additional sensors such as barometer or force sensing are
helpful for detecting non-level walking and postures (Skotte et al.,
2014; el Achkar et al., 2016), while GPS and heart-rate sensors
improve the detection of motion activities (Troped et al., 2008;
Kwak and Lee, 2012; Nguyen et al., 2013). Sensors without gravity
component, such as a gyroscope, and linear acceleration perform
poorly in differentiating postures such as sitting and standing.
However, adding an accelerometer with a vertical axis can address
this classification problem (el Achkar et al., 2016). Conversely,
the classification performance of these sensors is comparable or
sometimes better than a 3D accelerometer in recognizing motion
activities (Shoaib et al., 2014).
Devices such as the Actigraph provide activity counts. Activity
counts are the sum of the accelerations measured over a selected
period (epoch time) of e.g., 1 s (Ruch et al., 2011). Usually the
activity counts are filtered and preprocessed accelerometer data.
The activity counts from 1D accelerometers may not accurately
detect activity transitions or reveal the cyclical pattern of motion
activities such as cycling. Therefore, using raw accelerometer data
with more than 20 Hz sampling rate is recommended (De Vries
et al., 2011). There are also studies that applied higher sampling
rates of more than 20 Hz (Bonomi et al., 2009; Gyllensten and
Bonomi, 2011; Adaskevicius, 2014; Barshan and Yuksek, 2014;
Shoaib et al., 2014; Skotte et al., 2014; Garcia-Ceja and Brena,
2016; Spinsante et al., 2016) or more than 50 Hz (Reiss and
Stricker, 2011; van Hees et al., 2013; Bayat et al., 2014; GarciaCeja and Brena, 2016), while (Shoaib et al., 2014) indicated that
50 Hz can be a sufficient sampling rate to recognize daily PAs.

have many short bouts of activities. Therefore, a signal segment
may comprise several activities. Choosing a small window size
may be useful in detecting activity transitions but may lead to
a reduction of the classification accuracy. For example, using
a 20 Hz 3D accelerometer, window sizes of 0.4, 0.8, 1.6, 3.2 s
achieved lower classification accuracy in discriminating motion
activities and postures compared to window sizes of 6.4 or
12.8 s (Bonomi et al., 2009). Conversely, large windows react
more slowly to activity changes but provide better protection
against misclassification (Bonomi et al., 2009; Bisio et al.,
2012). The window size should be large enough to include the
signal signature of motion activities such as walking, cycling,
and running to capture several cycles of the corresponding
acceleration data (van Hees et al., 2013; Bayat et al., 2014;
Skotte et al., 2014). Overlapping windowing can also be useful
to reduce information loss at the edges of the signal window
(Bonomi et al., 2009).
Regarding feature extraction, it is important to note that
generally, the acceleration features for postures and motion
activities differ greatly in real-life settings from those obtained in
laboratory experiments. In particular, there is a higher degree of
overlap between the empirical distributions of features generated
in real-life settings than from laboratory data (Gyllensten and
Bonomi, 2011).
Above, we already discussed features that are useful to
discriminate different posture types (Preprocessing) and different
types of motion activities (Preprocessing), respectively. If the task
is to differentiate between postures and motions, it is common to
use features that represent the variation in the acceleration signal.
For example, high values of the SD of the waist-acceleration in
the mediolateral direction are an indicator of motion activities,
whereas low values of this feature are indicative of postures
(Bonomi et al., 2009). When a subject is performing motion
activities, the acceleration signal is oscillating in a cyclical pattern,
with varying peak amplitude, but constant peak interval. The
higher the peak amplitude is, the more intense the motion
activity (Makikawa and Murakami, 1996). Conversely, when the
subject remains in a postural state, the accelerometer signal is
not oscillating. The acceleration peaks can be recognized by step
detection and help to distinguish between postures and several
motion activities. The angular velocity from a gyroscope can
be used to detect steps based on the toe off (TO) instant (el
Achkar et al., 2016). The number of steps or the GPS speed
(Troped et al., 2008; Nguyen et al., 2013) are informative features
for discriminating between postures and motion. The vertical
velocity estimated from a 3D chest-mounted accelerometer also
helps to differentiate these two classes of PA (Godfrey et al., 2011).

Preprocessing
The high-frequency component of the acceleration signal, the AC
component, is mostly related to the dynamic motion activities
such as walking or running, while the low-frequency component
of the acceleration signal, the DC component, is mainly tied
to the influence of gravity, which plays an important role for
postures. To extract the gravity component a low-pass filter with
a cutoff frequency in the range from 0.1 to 0.5 Hz can be applied.
To obtain the AC component, the low-pass filtered data can be
subtracted from the original data (Bayat et al., 2014).
When using windowing techniques for signal segmentation
the window size should be carefully selected. In real-life settings,
activities are not happening continuously and it is common to
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Physical Activity Type Detection Methods
Different classifiers were used to detect posture and motion
activities including several ML classifiers (Bonomi et al., 2009;
De Vries et al., 2011; Gyllensten and Bonomi, 2011; Reiss and
Stricker, 2011; Ruch et al., 2011; Bisio et al., 2012; Nguyen et al.,
2013; van Hees et al., 2013; Adaskevicius, 2014; Barshan and
Yuksek, 2014; Bayat et al., 2014; Shoaib et al., 2014; Skotte et al.,
2014; Fergus et al., 2015; Spinsante et al., 2016), fuzzy logic
classifiers (Kwak and Lee, 2012), rule-based/threshold-based
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in particular relating to accelerometry. The results of this review
were structured according to the three main stages of the PATD
process, data collection, preprocessing, and PATD methods, and
led to the following major findings:

classification (Godfrey et al., 2011; Shoaib et al., 2014; el Achkar
et al., 2016), or statistical analysis (Troped et al., 2008). Almost
all of the studies detected both motion activities and postures,
with the exception of two studies (Kwak and Lee, 2012; Bayat
et al., 2014), which only detected motion activities. There is
a high variation in the number, type and body placement of
the sensors, preprocessing methods used, characteristics of the
training dataset, validation methods, number and type of target
PAs, and the classification toolbox applied in the eligible studies,
all of which could alter the classification result of a particular
PATD exercise. Therefore, it is difficult to make a concrete
conclusion as to what is the best classifier for detecting postures,
motion activities, or both PA classes. For instance, in one study
DT (a rather simple classification method) was able to detect
all the motion activities and postures mentioned above with
a high accuracy using two 3D accelerometers (30 Hz) on the
hip and thigh (Skotte et al., 2014). However, using a single
3D waist/lower back accelerometer (20 Hz) in a different study
decreased the DT classification performance for postures such
as sitting and standing (Bonomi et al., 2009). This suggests that
the performance of the classifier used responds to the design of
the ambulatory assessment specification and the preprocessing
operations used.
In general, as explained in detail in PA classifiers and their
performance, different classifiers can have different strengths
and weaknesses, depending on the classification problem at
hand. Considering not only the classification accuracy alone,
but also additional criteria such as the amount of training
data required, computational performance, interpretability, and
required training time (Spinsante et al., 2016), all of which are
important factors for real-life PATD, the DT classifier seemed
to be the most promising approach for reliably detecting basic
classes of postures and motion activities.

Data Collection
Actigraph, which supports continuous tracking over several days,
was the most commonly used commercial device. Nonetheless,
smartphones have gained popularity in recent years, mainly due
to their ubiquitous use in daily life and their multiple sensors.
However, compared to dedicated devices, smartphones have a
shorter battery life and may suffer from uneven sampling rates.
In terms of sensor type, 3D accelerometers are now most often
used, typically with sampling rates (considerably) higher than
20 Hz in real-life settings. For sensor placement, locations close
to the central part of the body, such as waist and hip, are most
common. Most studies used small sample sizes between 10 and 30
participants, but given the increasing availability and affordability
of mobile sensing devices, larger sample sizes are becoming
increasingly feasible.

Preprocessing
Preprocessing of the accelerometry data is crucially important
for the accuracy that can be achieved in the subsequent PA
type classification stage. The eligible studies did not show
great variation regarding signal filtering and segmentation:
Butterworth was the most commonly used filter, followed by
moving average and median filters. Low-pass filtering can
extract the gravity (DC) component, which is important for
differentiating postures, while high pass filtering is useful
to derive the body acceleration (AC component). In signal
segmentation, windowing techniques were often employed,
either using a fixed-size sliding window or an activity-based
window. In feature extraction, a great diversity of features have
been used across the various studies, both in the temporal
and in the frequency domain, with the choice of features
dependent on the PA types investigated. Some publications
made recommendations as to the discriminating qualities of
certain features. Nonethless, feature selection and dimensionality
reduction, as a final preprocessing step, are crucial to obtain an
informative feature set; clustering techniques as well as PCA were
commonly employed for this purpose.

Limitations and Potential Bias
To conduct the systematic literature review, only four databases
were searched, which may have kept other relevant studies
contained in other databases from being included. Based on
the inclusion criteria, only literature in English was included;
studies in other languages were not considered. The particular
focus on approaches that performed the data collection in reallife conditions may have led to excluding potentially advanced
laboratory-trained algorithms that have not been validated with
real-life datasets so far. However, this study had two strengths:
journal articles and conference papers that were derived from
four comprehensive databases were rigorously screened based
on the eligibility criteria, and the articles included were carefully
analyzed in a standardized way.

PATD Methods
The most typical PA types investigated were sitting, standing,
and lying from the posture PA class and walking, non-level
walking, running, and cycling from the motion PA class. There
was a large variation in the amount of training data used
for the PA type classification. A wide range of classifiers have
been employed, both as individual classifiers and as metaclassifiers, combining different individual methods to achieve
the best possible classification result. Among the individual
classifiers, decision trees were most commonly used, followed
by neural networks. Combining classifiers to meta-classifiers was
shown to be a promising approach. Indeed, the meta-classifiers
outperformed the individual classifiers in all studies that applied
a combined method.

CONCLUSION
This systematic review performed an analysis of the literature
since 1990 to present key factors regarding current methods
of physical activity type detection (PATD) using accelerometer
data collected in real-life settings. In general, the eligible studies
showed that assessing daily real-life PA has seen major advances
in the past decade due to progress in portable sensor technology,
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representing the selected PA types; and an agreement on a set
of performance metrics, evaluation and reporting protocols. This
would enable development of broadly applicable guidelines and
recommendations, facilitating robust progress both concerning
PA type detection methods and their application in a growing
number of application domains, including sports medicine,
healthy aging, smart homes, and ubiquitous computing. Finally,
while most work reviewed in this paper relied on dedicated
accelerometer devices, there is clearly a trend toward the
use of smartphones, as these can support a wide range
of apps on top of accelerometry. Future research should
therefore look into the work of relevant domains, in particular
pervasive computing.

Posture and motion activities are two important PA classes that
not only have different effects on human health, but also require
different PATD designs and workflows. The type of target PA and
whether it is from a posture or motion class determines the design
of the data collection, the preprocessing operations required, and
eventually the classification performance that can be achieved.
The gravity component of the accelerometer data, particularly
the gravity direction/inclination, needs to be established in
order to discriminate between different postures. A single 3D
chest-mounted accelerometer provides a minimal configuration
to discriminate between the most common postures (sitting,
lying, and standing) and their transitions, but more sensors are
required to distinguish further subtypes of postures. In contrast
to postures, motion activities involve the movement of the whole
body and thus differentiating between them requires the use
of the body acceleration (AC) component of the accelerometer
data. A single waist-mounted 3D accelerometer is sufficient for
detecting the most common motion activities (walking, running,
and cycling). Again, in order to reliably distinguish more
fine-grained motion activities, additional sensors in different
placements are required.
Despite the significant progress made over the past years, it
remains difficult, if not impossible, to compare the performance
of the various proposed methods. A transparent performance
comparison would require, most importantly, an agreed set
of PA types that could be used for benchmarking; labeled,
fully documented, and openly available reference datasets
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A Study Design for Physical Activity Reference Data Collection
Using GPS and Accelerometer
Abstract

A physically active lifestyle is a key component of promoting health and well-being, particularly for healthy aging. Most sensor-based
studies are focused on measuring the level (or intensity) of physical activity and use data collected using a specific study protocol under a
controlled condition and are thus incomparable to each other. Therefore, it is important to have available a reference dataset for physical
activity type classification, especially in real-life environments. The main aim of this study is to provide a study design for collecting a
reference dataset that can maximize both the internal and ecological validity of measuring physical activity types. To that end, we designed
study protocols in two different conditions, namely: semi-structured and real-life. A sample of 63 healthy people (33 younger adults and
30 older adults) participated in performing physical activities, including lying, sitting, standing, walking on level ground, running, cycling,
walking uphill, walking downhill, walking downstairs and walking upstairs. The activity ‘walking on level ground’ was performed at three
different speeds, including slow, normal, and fast speed. Additionally, GPS was used to enrich the detailed information about physical
activity types, providing the positional information of the place where the activities take place. The proposed reference dataset should be
useful for future validation and comparison studies and the development of new physical activity type detection algorithms, particularly
under real-life conditions.
Keywords: physical activity type, accelerometer, global positioning system, a reference dataset

1

Introduction

A physically active lifestyle is of utmost importance for older adults, as it is associated with higher levels of
functional and mental health (Voss et al., 2016). Physical activity (PA) is defined as “any bodily movement
produced by skeletal muscles that results in energy expenditure” (Caspersen et al., 1985). PA is a complex behavior
with four main measures, which can be abbreviated as FITT: Frequency, Intensity, Time, and Type of activity
(Cavill et al., 2006).
Most of the sensor-based methods for measuring PA rely on the activity intensity (also called level). The exclusive
focus on the PA intensity can be problematic (Rosenberg et al., 2017). Being able to recommend that people and
particularly older adults increase the time they spend walking is much easier to control individually than
recommending a certain level of activity intensity, a concept that most laypersons are likely unable to understand
clearly. Moreover, once the PA type is detected, other dimensions such as the PA intensity and its frequency over
different temporal granularities (e.g., a day or a week) can be estimated (Lindemann et al., 2014). Accurate
measurement of the PA type during everyday living independently of, and in addition to, other PA measures is
therefore essential.
Existing sensor-based studies of PA are rather incomparable with each other, mainly due to considerable variation
in environmental and conceptual factors under which the studies were conducted. Using different study designs
and training data collection protocols are examples of this problem (Allahbakhshi et al., 2019). As explained in
Chapter 1 (Section 1.5), most of the sensor-based methods for PA recognition are based on accelerometer data
from a limited number of laboratory activities (controlled condition) performed by young participants. In a
laboratory setting, participants are asked to follow a standardized protocol with a fixed order of instructions.
Therefore, it is questionable whether laboratory-derived algorithms and models can be reproducible in real-life
situations (De Vries et al., 2011) and in other age groups. Haché et al. (2011) indicate that monitoring the mobility
outside a clinical setting is important because mobility in the real world typically differs from the mobility
measured in the clinic (Hache et al., 2011). Studies of real-life activity are thus needed to improve the ecological
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validity of lab-based methods. Combining laboratory and real-life data to develop classification models and
considering the concepts of ‘real-life’ and ‘controlled condition’ on a relative scale are proposed as potential
solutions for improving classifiers in real-life data (Gyllensten and Bonomi, 2011; Van Hees et al., 2013). For
example, activities can be carried out in a semi-structured protocol. In the semi-structured protocol that somehow
simulates the real-life condition, participants are free to perform required activities in their own way, such as at
their comfortable speed or in an outdoor area.
Data gathered solely with an accelerometer do not provide information about mobility in different environments.
For example, without additional information, it is impossible to determine where the activities were undertaken
(e.g., indoors or outdoors, or in an urban or rural environment). Outdoor PA can have significant benefits for
health, particularly in older adults and in children. Thus, it is imperative to reliably investigate PA and sedentary
behavior in different environments (Rosli et al., 2013). A valuable tool for improving the assessment of PA utilizes
the Global Positioning System (GPS) (Maddison and Ni Mhurchu, 2009). The addition of GPS data to
accelerometer monitoring can provide more detailed information about activity types under real-life conditions,
particularly in detecting activities, e.g., with similar accelerometer profiles, but different speed profiles (Troped et
al., 2008) or in determining elevation changes (Nguyen et al., 2013). The use of GPS, particularly in real-life
protocols, provides greater insight into the nature of PA with both location and activity information available.
Recently, researchers tried to provide a framework for standardizing the study of sensor-based activity monitoring
in older adults (Lindemann et al., 2014), or produce a reference dataset for that purpose (Bourke et al., 2017). In
this study, by considering different age groups, the aim is to provide a study design for collecting a reference
dataset for PA type detection that can maximize both internal and ecological validity. To do so, we introduce PA
protocols in two different conditions: semi-structured and real-life, and in different outdoor environments. We also
advocate using GPS to provide more detailed information about activity types and the place where they are
performed. We believe that this dataset will be useful for validating existing activity classifiers and the training
and development of new PA type detection algorithms, particularly under real-life conditions.

2

Material and Methods

This study aims to provide a reference data set for detecting PA types in real-life, considering younger and older
age groups and different environments. To maximize both internal and ecological validity, we designed data
collection protocols in two different conditions, namely: semi-structured and real-life. We provide an overview of
the collected data in Figure 1.
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Figure 1. An overview of the physical activity reference data collection design.

2.1

Participants

A sample of 63 participants (30 male, 33 female), including 33 younger and 30 older adults were recruited (Table
1). As inclusion criteria, participants were required to be healthy and be able to walk and run without walking aids,
be able to cycle (self-report) and accept the instructions of the study protocol. The older participants form a subsample of the 153 participants of the Mobility, Activity, and Social Interactions Study (MOASIS) Project (Röcke
et al., 2018) aged 65 years and above. MOASIS is an ambulatory assessment study involving multi-sensor daily
tracking using a wearable device called uTrail (see Section 2.2) over four weeks.
The study was carried out following the rules of the Declaration of Helsinki of 1975 and in compliance with the
ethical guidelines of the Faculty of Arts and Social Sciences of the University of Zurich. All participants provided
written informed consent.
Table 1. Physical characteristics of the participants involved in the study.
Physical characteristics

Mean (SD)

Mean (SD)

Younger adults

Older adults

No. (F/M)

33 (13/20)

30 (17/13)

Age (year)

29 ± (5.6)

72 ± (4.8)

Height (cm)

173 ± (10.05)

167 ± (10.12)

Weight (kg)

67 ± (9.8)

70 ± (15.8)

BMI (kg.𝑚−2 )

22 ± (1.9)

24.5 ± (3.8)
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2.2

Device description

To collect data from both age groups, we used a wearable customized device called uTrail designed for the
MOASIS study (Table 2). The uTrail includes an audio, a GPS (uBlox UC530M), and an accelerometer (ST
Microelectronics LSM303D) sensor. The GPS sensor can record data at up to 1 Hz and has the ability of concurrent
reception of up to three GNSS1 (out of the GPS, Galileo, GLONASS, BeiDou systems). The accelerometer
includes three magnetic field channels and three acceleration channels.
ActiGraph is known as the ‘gold standard’ and the most common wearable device in sensor-based PA
measurement. Besides, smartphones have also been prevalent devices for PA monitoring and measurements during
the last decade due to their wide availability and multiple sensors (Allahbakhshi et al., 2019). Therefore, we also
used one smartphone (Motorola Moto E, 2nd gen) and an Actigraph (GT3X+) for the data collection to compare
the quality and consistency in PA measurement of the uTrail with these devices. Like the uTrail, both the
smartphone and Actigraph include a three-dimensional accelerometer capable of measuring the body acceleration
in three different axes. We installed the free “AccDataRec” and “GPSLogger” apps on the smartphone for the
accelerometer and GPS (1 Hz) measurements and set the sampling rate for the accelerometer to 50 Hz continuous
sampling for all three devices.
It should be noted that the ActiGraph (GT3X+) device was used only during the data collection with older adults.
Besides, we used only the uTrail sensor data for the data analysis of this thesis and will use the data collected from
other devices only in future studies.
Table 2. Ambulatory assessment specifications of the study.
Device

Sensors
GPS: 1 Hz

uTrail
Accelerometer: 50 Hz

Smartphone
(Motorola Moto E, 2nd gen)

GPS: 1 Hz
Accelerometer: 50 Hz

ActiGraph (GT3X+)

2.3

Accelerometer: 50 Hz

Device placement

The selection of device wearing locations on the body was motivated based on existing studies, where a reliable
detection of major daily PA types (see Section 2.4) using accelerometer data was the focus. For example, the most
popular accelerometer placement is on the waist or hip because it is near the body trunk and can better represent
human movement (Liao et al., 2015). Moreover, findings show that wearing the device on the thigh and chest can

1

GNSS: Global Navigation Satellite System. The generic term for satellite-based positioning systems such as the
US GPS, European Galileo, Russian GLONASS, or Chinese BeiDou system.
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help discriminate between sedentary PA types such as sitting and standing (Skotte et al., 2014), and sitting/standing
versus lying (El Achkar et al., 2016), respectively. Barshan and Yuksek (2014) showed that the knee or leg position
could provide the best results for detecting daily PA types compared to other parts of the body such as arms and
waist (Barshan and Yuksek, 2014). Therefore, we selected hips, knee, chest, and thigh as the body locations for
the device placement. The participants wore the devices in the following configuration: five uTrails on the body
locations mentioned above, including left and right hips, inside left pocket (representing the thigh position), chest,
and right knee (Figure 2).

Figure 2. Device placement.

Two elastic straps, each holding the uTrail, were adjusted around the participants’ chest and below their right knee.
For the hip positions, we fixed the uTrail devices to their waistband using the device clip. Participants put the
smartphone inside their right pocket. We placed the ActiGraph using a strap band on the participants’ right hip
axis-aligned to their right-hip uTrail device.
2.4

Physical activity type selection

PA type for the purpose of this research refers to the “specific activity performed” (e.g., walking and cycling) as
defined by Strath et al. (2013) and does not cover physiological and biomechanical types (e.g., resistance or
strength training, balance, and stability training) (Strath et al., 2013). Based on the literature, PA type per se can
be classified in various forms. For example, according to Spinsante et al. (2016), there are simple, and complex
PAs classified based on their recognition complexity using sensor data. Walking, sitting, and lying are examples
of simple activities, while an activity like shopping composed of different simple activities or typing that involves
certain body parts in the movement are complex activities (Spinsante et al., 2016). Similar to Spinsante et al.
(2016), Cornacchia et al. (2017) categorized the PAs into global body motion types and local interaction activities.
For instance, walking, running, sitting, and standing fall into the category of global body motion activities, whereas
hygiene activity or food preparation is related to the local interaction activities (Cornacchia et al., 2017).
We selected sitting, standing, lying, walking on level ground, running, cycling, walking uphill and downhill,
walking downstairs and upstairs as the target PAs of our study. The rationale for this selection was to consider a
subset of PA types that are simple (Spinsante et al., 2016), mobility-related based on the International
Classification of Functioning, Disability, and Health (ICF), related to the global body motion activities
(Cornacchia et al., 2017), and commonly performed in everyday life (Skotte et al., 2014). Besides, we considered
a subset of major posture and motion activities that can have different impacts on people's health (Allahbakhshi et
al., 2019) and cover different levels/intensities of PA.
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2.5

Semi-structured protocol

We asked the participants to wear the devices in the configuration as explained in Section 2.3 and perform the
activity tasks described in Table 3 for the semi-structured scenario (see details in Chapter 4, Appendix A, Table
A1) in an outdoor environment, at the sports center of the Academic Sports Association Zurich (Fluntern, Zurich,
Switzerland). We discarded the cycling activity from the activity tasks list of older adults due to safety reasons.
Table 3. Activity tasks for the semi-structured protocol.
Activity task
Lying
Sitting
Standing
Walking, level ground (at 3 self-speeds)
Walking uphill (at normal self-speed)
Walking downhill (at normal self-speed)
Running, level ground
Cycling, level ground
Walking downstairs
Walking upstairs

To be able to compare the participants’ performance on the activities of walking, running, and cycling on level
ground in a semi-structured protocol with the performance in both lab-based and real-life protocols, there is a need
to have a scenario that can simulate human movement in both conditions. In a controlled condition, participants
are usually walking/running/cycling on a straight line, whereas in real-life conditions, more turns and stops may
happen. Figure 3 schematically shows the path designed for transport-related activities, i.e., walking, cycling, and
running on level ground. The path includes three segments for the level-ground walking activity. Participants
started walking straight at slow speed on the yellow segment. After passing the first turning point, they continued
walking at slow speed and then stopped for five seconds at the first stop point. They were then asked to walk at
fast speed on the red segment and stop for five seconds at the second stop point. Afterward, they continued walking
straight at their normal, comfortable speed on the orange segment and finally finished the path after passing the
second turning point, at the endpoint and stopped there for five seconds.
For running and cycling activities, respectively, we integrated all three segments into one long segment, including
only one stop and one deceleration point in the middle. Participants performed running and cycling at their
comfortable speed on the long segment.
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Figure 3. The planned path for the semi-structured protocol.

The uphill and downhill activities were performed at a sloping area near the sport center at participants’ normal
speed. The stairs next to the sport center building were used for outdoor stairs walking (Figure 4).

Figure 4. The area for stairs walking.

The participants also performed all sedentary activities, i.e., lying, sitting, and standing in an outdoor area. For
lying, they were requested to lie on a bench and stay in a lying position (face upwards) for 1 minute. They were
asked to sit on a bench and stay in a seated position for the sitting activity, such as when sitting at a desk or table
with straight legs for 1 minute. After that, they remained in a standing position for 1 minute, such as when standing
in a queue.
Each participant completed the activity tasks mentioned above at least twice in an outdoor area. However, as there
were a few stairs, we asked participants to perform the stairs activity at least three times. As mentioned in Chapter
1, Section 1.8, there are different ways of providing labeled PA data. We used direct observation for labeling the
activities performed in the semi-structured protocol. During the execution of the study protocol, an observer
monitored each participant, recorded the starting and end time of each activity task, respectively, using the free
app “aTimeLogger” installed on the smartphone (Figure 5).
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Figure 5. The free app “aTimeLogger” installed on the smartphone for activity annotation.

2.6

The real-life scenario for younger adults

A few days after conducting the semi-structured protocol, the younger adults reported at a meeting point to receive
the devices and instructions for the real-life scenario. They attached the devices in the same configuration as in the
semi-structured protocol. They were instructed how to use the “aTimeLogger” app installed in an extra smartphone
given to them to annotate their data during the real-life data collection by logging the starting and ending times of
each activity. The participants were asked to include the activity tasks described in Table 4 in their daily life and
outdoor environments in arbitrary order.
Table 4. Activity tasks for the real-life protocol.
Activity task
Lying
Sitting
Standing
Walking, level ground (in urban and leisure areas)
Walking uphill (at normal self-speed)
Walking downhill (at normal self-speed)
Running, level ground (in urban and leisure areas)
Cycling, level ground (in urban and leisure areas)
Walking downstairs
Walking upstairs

Each participant should meet a required minimum time duration for each activity task (see details in Chapter 4,
Appendix A, Table A2). We provided no information regarding how to perform the activities. Participants were
only asked to perform the activity tasks at least one kilometer away from their home or workplace due to privacy
concerns. The activities walking, cycling, and running, can be undertaken in different PA domains (see Chapter 1,
Section 1.2) during people’s daily life, such as transportation or leisure. Therefore, we requested the participants
to perform these activities in two different spatial environments: urban and leisure. Besides, collecting data in
different areas allows providing additional environmental contextual information and more variations in the
activity execution. An urban area refers to a place where a person is restricted to the use of the urban infrastructure,
such as sidewalks and pedestrian crossings. A leisure area, on the other hand, is an area where the person has more
freedom to move, such as a park, and thus is not restricted to using the urban infrastructure.
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2.7

The real-life scenario for older adults

To facilitate the data collection and make it convenient for older adults, we provided an age-adapted real-life
protocol. In this protocol, rather than asking the older participants to perform the activities as part of their daily
life, we asked them to complete the protocol in a pre-selected area. Therefore, several days after completing the
semi-structured protocol, the older participants reported at a meeting point in a designated outdoor place, in which
they could perform the real-life protocol safely, conveniently, and freely. Figure 6 shows the areas where the
participants could perform stairs, leisure, and non-level walking.

Figure 6. The areas for stairs, leisure and non-level walking.

Upon arrival, the participants were equipped with the devices (as explained in Section 2.3). Immediately thereafter,
they were asked to perform the activities (as described in Table 4, excluding the cycling activity) in arbitrary order
and meet the minimum time for each activity task (see details in Chapter 4, Appendix A, Table A2). No instructions
regarding how to perform the activities were given to the participants. To include as much variation as probably
existing in the younger adults’ leisure walking data, we asked the older adults to perform this activity on both
paved and gravel surfaces.
During the data collection, rather than asking the participants to self-annotate their data, an observer monitored
them and labeled their data using the “aTimeLogger” app.

3
3.1

Results
Semi-structured data

A total of 11,098,581 accelerometer and 214,628 GPS labeled sample points for younger adults and 8,871,854
accelerometer and 186,184 GPS labeled sample points for older adults were recorded using the semi-structured
protocol (Table 5).
The most accelerometer data collected from younger adults was for the activity walking downhill, followed by
walking uphill, walking at normal speed, sitting, standing, lying, slow walking, running, and cycling. The activities
of fast walking and stairs walking provided the fewest accelerometer records. The activities derived from the GPS
sensor followed the quantity order of walking downhill > walking uphill > walking at normal speed > sitting >
running > cycling > walking at slow speed > standing > stairs walking > walking at fast speed.
The following order holds for the number of accelerometer data records collected for older adults: walking uphill
> running > walking downhill > walking at normal speed > lying > standing > sitting > walking at slow speed >
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walking at fast speed > stairs walking. The running activity covered the most considerable portion of older adults’
GPS data, followed by walking uphill, walking downhill, standing, lying, walking at normal speed, sitting, walking
at slow speed, stairs walking, and walking fast.
Table 5. Semi-structured, labeled data. The cycling activity was not included in the activities performed by the older
participants, for safety reasons.
Younger adults’ data
Accelerometer GPS
Lying
1,036,459
20,529
Sitting
1,077,552
20,382
Standing
1,068,810
18,159
Walking, level ground (at slow self-speed)
1,020,947
19,345
Walking, level ground (at normal self-speed)
1,193,991
20,395
Walking, level ground (at fast self-speed)
402,326
7,143
Walking uphill (at normal self-speed)
1,210,396
23,873
Walking downhill (at normal self-speed)
1,423,902
25,746
Running, level ground
984,333
19,607
Cycling, level ground
973,845
19,468
Activity

3.2

Older adults’ data
Accelerometer GPS
959,758
18,628
847,912
17,086
949,661
18,672
796,167
15,679
984,840
18,566
375,418
7,238
1,164,988
23,106
1,021,229
19,816
1,087,601
25,476
—
—

Walking downstairs

330,274

9,309

323,585

10,566

Walking upstairs
Total

375,746
11’098’581

10,672
214’628

360,695
8'871’854

11,351
186’184

Real-life data

A total of 17,918,884 accelerometer and 365,631 GPS sample points for younger adults, and 11,761,730
accelerometer and 232,683 GPS samples point for older adults were recorded using the real-life protocol (Table
6).
The cycling activity in the urban area represented the largest part of the accelerometer data collected for younger
adults, followed by cycling in a leisure area, walking in urban and leisure areas, walking uphill and downhill,
running in a leisure area, sitting, running in an urban area, standing, and lying. Similar to the semi-structured
protocol, the stairs walking provided the fewest accelerometer data records. The activities derived from the GPS
sensor followed the same pattern in terms of the data volume ranking except lying, which preceded the standing
activity.
The following order reflects the number of accelerometer data records collected from older adults: walking in an
urban area > walking in a leisure area on concrete and gravel surfaces > walking uphill > walking downhill >
standing > running in a leisure area > running in an urban area > lying > sitting > stairs walking. The same pattern
was seen in GPS data samples.
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Table 6. Real-life labeled data. The gravel surface was not included in the activities performed by the younger adults.
The cycling activity was not included in the activities performed by the older participants, for safety reasons.
Activity
Lying
Sitting
Standing
Walking, level ground
(in an urban area)
Walking, level ground
(in a leisure area)
Walking, level ground
(in a leisure area on gravel surface)
Walking uphill (at normal self-speed)
Walking downhill (at normal self-speed)
Running, level ground
(in an urban area)
Running, level ground
(in a leisure area)
Cycling, level ground
(in an urban area)
Cycling, level ground
(in a leisure area)
Walking downstairs
Walking upstairs
Total

4

Younger adults’ data
Accelerometer GPS
629,026
12,346
720,544
13,939
630,550
11,834
2,820,604
56,352

Older adults’ data
Accelerometer GPS
422,070
8,395
413,762
8,337
465,418
9,356
3,606,983
73,556

2,739,350

51,759

2,327,480

42,624

—

—

1,272,828

25,475

1,488,061
1,219,091
696,860

28,735
24,088
13,360

998,329
812,937
445,766

19,827
16,207
8,787

720,728

14,451

460,436

9,185

2,988,697

68,317

—

—

2,884,372

61,826

—

—

179,140
201,861
17,918,884

4,069
4,555
365,631

244,430
291,291
11,761,730

4,995
5,939
232,683

Conclusion

This short paper proposed a study design for collecting reference data for PA type classification from two age
groups and in two different environments. Using GPS data can provide greater insight into the nature of PA in
different environments, including more realistic settings than are commonly used (i.e., leaving the lab setting).
The collected data can provide a useful dataset for future validation and comparison studies with respect to using
different study designs/age groups and applying different classifiers for PA type classification, particularly in reallife scenarios. Furthermore, we expect to be able to demonstrate that adding GPS data (i.e., absolute location) will
improve the PA type classification in real-life situations.
For the purposes of this thesis, the data collected using the proposed study protocol form the basis for the research
reported in Chapters 4 and 5.
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Abstract: This paper aims to examine the role of global positioning system (GPS) sensor data in reallife physical activity (PA) type detection. Thirty-three young participants wore devices including
GPS and accelerometer sensors on five body positions and performed daily PAs in two protocols,
namely semi-structured and real-life. One general random forest (RF) model integrating data from
all sensors and five individual RF models using data from each sensor position were trained using
semi-structured (Scenario 1) and combined (semi-structured + real-life) data (Scenario 2). The results
showed that in general, adding GPS features (speed and elevation difference) to accelerometer data
improves classification performance particularly for detecting non-level and level walking.
Assessing the transferability of the models on real-life data showed that models from Scenario 2 are
strongly transferable, particularly when adding GPS data to the training data. Comparing
individual models indicated that knee-models provide comparable classification performance
(above 80%) to general models in both scenarios. In conclusion, adding GPS data improves real-life
PA type classification performance if combined data are used for training the model. Moreover, the
knee-model provides the minimal device configuration with reliable accuracy for detecting real-life
PA types.
Keywords: physical activity type; real-life; GPS; GIS

1. Introduction
In today’s societies, the increase in sedentary lifestyles in people’s homes and workplaces has
caused severe health problems such as obesity and chronic diseases [1,2]. A physically active lifestyle
can contribute to maintaining quality of life and preventing challenges related to people’s health
status, particularly for older adults. Many studies have been designed to objectively measure physical
activity (PA) using wearable sensors; however, they have been conducted in controlled conditions.
The data collected under controlled conditions are unable to reproduce PA behavior as it happens in
real-life [3]. Studying such behaviors in natural daily settings is therefore important in order to
discover how daily PA types can affect health status.
Accurate PA type detection is a prerequisite to recognize humans’ daily activity behavior. Once
we detect PA type, we can also estimate the other PA measures such as activity duration or level [4].
Detecting PA type helps to understand how much each activity type (e.g., walking or sitting)
contributes to human physical and mental health. This also provides useful guidance regarding the
amount of time that people should spend on a specific activity type to maintain their health.
Sensors 2020, 20, 588; doi:10.3390/s20030588
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Moreover, PA type is a more understandable concept than PA level, particularly for laypersons [5].
Thus, it is imperative to improve daily PA type detection to identify humans’ daily PA patterns and
their association with health outcomes.
During the past decade, rapid progress in wearable sensor technologies has facilitated long-term
PA behavior monitoring in real-life conditions. Among the existing wearable sensors, threedimensional (3D) accelerometers have gained the most attention. A 3D accelerometer (ACC)
measures acceleration forces in y, x and z dimensions, and therefore can sense the status of a body’s
motion or postures. Although the 3D accelerometer is the most common and informative sensor for
PA type detection, it is challenging to accurately detect real-life activity types using only a single 3D
accelerometer [5–7]. Researchers have extensively examined the usefulness of complementing
accelerometer-based PA measures with additional sensors such as gyroscope, magnetometer,
barometer and heart rate [8–11] or using multiple accelerometer devices on different body locations
to improve the activity recognition [5,12]. However, these solutions entail mounting more devices on
a person’s body or rendering data analysis more complex due to dealing with different sensors
featuring different data formats and sampling rates. Moreover, few studies have investigated the role
of global positioning system (GPS) data in informing classifiers for detecting PA types [5,13], despite
the great potential that a GPS sensor might have in contributing spatial context information that could
further facilitate the PA type detection process.
Combining GPS and accelerometer sensors has been useful in improving movement monitoring
of humans, particularly in daily life. In the transport mode detection domain, the combination of GPS
and accelerometer sensors is more useful than using each sensor individually, specifically in
differentiating transport-related activities such as walking, cycling and running. In the PA literature,
we can categorize the use of GPS sensors into two broad applications. The first application mainly
focuses on utilizing GPS spatial coordinates to link PA behavior derived from accelerometer data to
the location and relevant spatial data such as land use, walkability, green spaces, neighborhood and
exposure in a geographic information systems (GIS) environment [14–16]. These links enhance our
contextual knowledge of the relationship between objectively measured PA and physical and social
environments [17–21]. The second application uses features such as time, distance, altitude and speed
derived from GPS data to inform classifiers in PA detection [5,22–25]. However, few studies in the
PA domain attempted to assess the potential benefit of using GPS data as additional input to PA type
detection.
Previous studies indicated that utilizing GPS devices is a practical method to accurately estimate
humans’ locomotion speed [26–30]. While adding GPS data (i.e., speed) to accelerometer data
increases transport mode detection performance when differentiating between active and passive
modes of transport [24,31–33], these studies rarely included different types of walking or cycling
activities or different sub-types of the stationary class such as sitting, standing and lying. Although
studies have included GPS speed to improve PA type detection for more fine-grained activities
[5,13,34], they have a number of limitations that still have to be addressed.
Many of the models in the literature used data collected in controlled environments [5,13] to
detect a limited number of activities from a small sample size [5,13,24,31,32,34]. Using GPS speed in
combination with accelerometer data, models reliably detected activities that generate distinct
accelerometer and GPS data profiles. However the models were unable to accurately detect activities
with similar movement data profiles, such as non-level and level walking, which require different
energy expenditure (EE) and have differing health impacts [6]. Exploiting GPS data to provide
distinctive features would allow these similar types of activities to be distinguished. The previous
studies have reported that the combination of GPS and accelerometer sensors generates better results
for activity detection than using an accelerometer alone, but they did not fully discuss the role of the
individual sensors in detail [5,24,32,34]. For example, it is unclear that to what extent adding GPS
data improves activity recognition when using data collected in different environments (controlled
and uncontrolled) or when using data from different sensor positions. It is also unknown whether
adding GPS data addresses concerns about participant burden (e.g., wearing multiple sensors)
during real-life data collection. To our knowledge, no study has explored the potential benefit of also
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using GPS spatial coordinates to classify PA type. The potential for combining GPS and accelerometer
data to enhance real-life activity recognition is therefore a research area that is yet to be explored in
detail.
This paper contributes to the body of literature on sensors and PA type detection first by
calculating an informative elevation difference feature by linking the GPS spatial coordinates to GIS
data, namely a digital elevation model (DEM), rather than using GPS speed alone. Second, we
investigate the extent to which GPS sensors, in conjunction with accelerometer data, can enhance the
prediction performance of detecting the major posture and transport-related motion activity types
(sitting, standing, lying, walking, non-level walking, running and cycling). We then explore whether
GPS data informs PA monitoring such that their inclusion minimizes the number of accelerometer
devices that are required to reliably differentiate between the above posture and motion activity types
under real-life conditions, with the aim of reducing participant burden. Finally, we advance research
on real-life PA type detection through not only developing a single classification model, but also by
assessing the contribution of GPS data in addressing the limitations of accelerometer sensor data and
by studying the contribution of these sensors in detail within different realistic and stringent
validation scenarios.
Our results provide insights that can assist future PA study design, especially when PA type
detection is a focus. In particular, this research gives guidance regarding relevant data sources
(accelerometer, GPS) and their usage, appropriate evaluation methods and optimal sensor positions
for studies aiming to detect the major posture and transport-related motion activities.
2. Materials and Methods
2.1. Experimental Overview
The target PAs are lying, sitting, standing and walking on level ground at different speeds (slow,
normal and fast), running, cycling, walking uphill, walking downhill, walking downstairs and
walking upstairs. The rationale for selecting these target activities is to consider a subset of PAs from
prior research including, (1) simple PAs classified by [35]. (2) Mobility-related activities of the
International Classification of Functioning, Disability and Health (ICF) and (3) global body motion
activities classified by [12]. (4) Activities that are commonly performed in everyday life and (5)
activities that can cover different levels/intensities of PA and EE.
We used two study designs for data collection, semi-structured and real-life, to assess the
transferability of the model trained with a semi-controlled data set on data collected in real-life
conditions.
2.1.1. Semi-Structured Protocol
Participants reported to the sport center of the University. After completing a questionnaire
regarding their socio-demographic information and typical PA based on the Global Physical Activity
Questionnaire (GPAQ) [36], they put the six devices on in the following configuration: one
smartphone (Motorola Moto E, 2nd gen) inside their right pocket and five wearable customized
uTrail devices [37] on different body locations including left and right hips, inside their left pocket,
chest and right knee (Figure 1). Two elastic straps, each holding the uTrail, were adjusted around
their chest and below their right knee. For the hip positions, we fixed the uTrail devices to their
waistband using the device clip.
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Figure 1. The location of smartphone and uTrail devices (orange circles) on the participants’ body.

The uTrail device includes an audio sensor, a GPS sensor (uBlox UC530M) and an accelerometer
that includes three magnetic field channels and three acceleration channels (ST Microelectronics
LSM303D). The GPS recorded data at 1 Hz and has the ability of concurrent reception of up to three
global navigation satellite systems (out of GPS (GPS = USA), Galileo (Galileo = European), GLONASS
(GLONASS = Russia) and BeiDou (BeiDou = China)). The sampling rate for the accelerometer was 50 Hz.
The uTrail device can be connected to a computer via a micro-USB port to download stored data; we
were able to configure the device and retrieve the data via software developed for the uTrail. The
smartphone and audio sensor data were not used in the present study. For all sensor positions except
the right hip, the devices were oriented to have the y, x and z axes, recording acceleration data in the
vertical, medio-lateral and antero-posterior direction of the body, respectively. For the right hip, the
device was oriented to have the y, x and z axes, recording acceleration data in the vertical, anteroposterior and medio-lateral direction of the body, respectively.
Participants performed a number of activities, each completed twice in an outdoor area (see
Appendix A, Table A1). They performed the motion activities at their own comfortable speed and
were not restricted in this sense. We applied a direct observation approach for activity annotation
using the “aTimeLogger” free app installed on a smartphone.
2.1.2. Real-Life Protocol
The real-life experiment was conducted a few days after the participants completed the semistructured protocol. Participants wore the devices in the same configuration as the semi-structured
protocol and they were instructed to use the “aTimeLogger” app to make their own data annotation
during the real-life data collection. No instruction regarding how to perform the activities was given
to the participants. They performed the target activities in an outdoor environment as part of their
daily life spontaneously and in a random order. The only criteria were to meet the required minimum
time duration for each activity task described in (see Appendix A, Table A2) and perform the
transport-related activities such as walking, cycling and jogging in two different environments,
namely an urban area and a leisure area; this data collection protocol took 3 h on average. The total
amount of labeled data collected in both protocols (semi-structured + real-life) is about 161 h
(29,017,465 data recordings), corresponding to an average of 4.8 h labeled data for each participant
(Table 1). We anonymized all data (with the personal data stored separately from the ACC and GPS
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data) and instructed the participants to perform all PAs away from their home and workplace, such
that their home and workplace location could not be inferred from the GPS data. This dataset is not
yet publicly available as we intend to use it in a future publication [38].
Table 1. Labeled data collected for the study.
Dataset
Semi-structured
Real-life
Total

Total Acc. Data
61.6 h (11,098,581)
99.5 h (17,918,884)
161 h (29,017,465)

Total GPS Data
59.6 h (214,628)
101.5 h (365,631)
161 h (580,259)

Acc. Data Per Person
1.8 h (336,320.6)
3 h (542,996.5)
4.8 h (879,317.1)

GPS Data Per Person
1.8 h (6503.879)
3 h (11,079.73)
4.8 h (17,583.61)

2.1.3. Participants
A sample of 33 (20 male and 13 female) young participants ranging in age from 20 to 35 from 15
different countries (see Appendix A, Figure A1.) participated in data collection (Table 2). As inclusion
criteria, participants were required to be physically healthy and be able to walk and run without
walking aids (self-report), and accept the instructions of the study protocol. The study was carried
out following the rules of the Declaration of Helsinki of 1975. According to the rules of the University
of Zurich (UZH) Ethics Policy, which are in accordance with the Swiss Human Research Act, it was
not necessary to obtain separate ethics approval from the UZH Ethics Committee and our study was
conducted in compliance with the ethical guidelines of the Philosophical Faculty of the University of
Zurich. All participants provided written informed consent.
Table 2. Physical characteristics of the participants involved in the study.
Physical Characteristics
No. (F/M)
Age (year)
Height (cm)
Weight (kg)
BMI (kg.m−2)

Mean (SD)
33 (13/20)
29 ± (5.6)
173 ± (10.05)
67 ± (9.8)
22 ± (1.9)

2.2. Model Development
2.2.1. Accelerometer Preprocessing
After removing duplicates and missing values, we synchronized the data from five
accelerometers. The synchronization was based on a sudden jump (i.e., “standing still-jump-standing
still”) as introduced in [7] and was performed by the participant before and after performing each
activity task, as instructed. The jump activity generated a distinguishable acceleration profile (i.e.,
peaks) within the standing still segments. We detected the peak acceleration of the start and end
jumps, and aligned the data recordings of the five sensors based on those peaks. We used the start
and end timestamps recorded by the “aTimeLogger” app to annotate the data. For each activity task,
we removed 10 s before and after the activity segment to exclude data recorded during the sudden
jump period for each activity. We also removed long stops (more than 1 s) within the motion
activities. To do this, we firstly developed a threshold-based stop-move detection algorithm based on
accelerometer data, secondly we found the stop segments longer than 1 s, thirdly we removed them
from each motion activity segment and finally, we assigned the corresponding label to the raw
accelerometer data of that segment. Visual inspection helped to ensure signal alignment to the
corresponding activities.
We used an overlapping fixed size windowing technique to segment the labeled data. We
applied a sensitivity analysis (i.e., we altered and tested different segment sizes) using segments of
2, 5, 10, 20, 30 and 60 s to investigate how robust the model’s classification performance was to the
segment size. After signal segmentation, we calculated time and frequency domain features from
each segment to use as inputs to the classifier. Time domain features are typically mathematical or
statistical measures derived directly from the sensor data. To derive frequency domain features, the
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segment of sensor data must first be transformed into the frequency domain, normally using a fast
Fourier transform (FFT). In total, we extracted 85 features from each sensor’s accelerometer data. The
initial target features from accelerometer data include:
•

•

Time domain features: mean, standard deviation and range of three axes and total acceleration,
correlation among three axes, kurtosis, skewness and average absolute difference of three axes,
number of observations falling within each of 10 bins of the three axes, time interval between
local peaks and number of peaks of three axes.
Frequency domain features using FFT: power spectral density, energy of the signal, mean of the
first three dominant frequencies, amplitude of the first three dominant frequencies of three axes
and total acceleration.

2.2.2. GPS Preprocessing
The GPS data include latitude, longitude, date, time, horizontal dilution of precision (HDOP),
vertical dilution of precision (VDOP), number of satellites, altitude and instantaneous speed. To
preprocess the GPS data, we firstly removed duplicates and missing values. We used linear
interpolation based on latitude, longitude and timestamps to fill the data gaps greater than 1 s
between consecutive GPS fixes. We extracted an elevation value for each interpolated GPS point from
a DEM to fill in the altitude value for the interpolated GPS points. A DEM is a representation of the
altitude of the earth’s surface, today typically generated using remote sensing techniques such as
stereo photogrammetry or laser scanning. We used the swissALTI3D DEM, which has a spatial
resolution of 2 m and is provided by the Swiss national mapping agency swisstopo.
After filling gaps in the GPS data, it was important to keep the spatial error of GPS coordinates
at a minimum. Map matching is a helpful solution to improve the spatial accuracy [39]. We used the
point-to-curve geometric map-matching approach according to Quddus et al.’s (2007) categorization
[39]. We applied an existing map matching algorithm on interpolated GPS data using road data
obtained from OpenStreetMap (OSM) [40] and R software [41] (Figure 2).

Figure 2. Map-matched global positioning system (GPS) points of data collected by a single
participant in real-life using OpenStreetMap (OSM) data.

Afterward, we used the map-matched GPS coordinates to derive an elevation value from
swissALTI3D for each GPS point. SwissALTI3D is an accurate DEM, which describes the surface of
Switzerland without vegetation and development and is updated every six years. We used ArcGIS
software v.10.6.1 and the tool “Extract value to points” to assign an elevation value to each GPS point.
We then used a weighted average filter to remove noise and outliers and smooth the extracted
elevation data from DEM. We matched the GPS timestamps with the start and end timestamps of
accelerometer segments to combine the GPS data with the accelerometer data. Finally, we calculated
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the average speed and elevation difference for each segment and appended these two GPS features
to the accelerometer feature space.
2.2.3. RF Model Development
We built two different training datasets, one using data from the semi-structured protocol only
and another one using the combined dataset of both the semi-structured and real-life protocols, and
used the random forest (RF) classifier to build the classification models in different scenarios (Table
3). For each scenario, we examined both single (accelerometer data only) and multi-sensor
(accelerometer and GPS data) approaches to build the RF classification models. We built a general
model that was trained with data obtained from all five sensor positions (chest, left hip, right hip, left
pocket and right knee) and also five individual models, each trained with data from a single sensor
position. Each accelerometer-based individual model used 85 features (see Section 2.2.1) for
classification, and each accelerometer-based general model integrated features from all five sensors
and used a total of 425 (85 × 5) features.
Table 3. Scenarios for separating data into a train and test data set and the corresponding validation
method.
Scenario No.
Scenario 1

Training Dataset
Semi-structured dataset
Combined semi-structured and real-life

Scenario 2
dataset

Validation Method and Test Data
L1SO cross validation on semi-structured data
L1SO cross validation on real-life data
k-fold cross validation on semi-structured data
L1SO cross validation on combined data
L1SO cross validation on real-life data
k-fold cross validation on combined data

We grouped the activities of each protocol and detected seven classes including walking, nonlevel walking, running, cycling, sitting, standing and lying. We also validated the results using three
approaches: Leave-One-Subject-Out (L1SO), k-fold cross validation and L1SO validation with the
real-life data set. We tested different segment sizes (2, 5, 10, 20, 30 and 60 s) for general models to
assess the effect of segment size on classification performance. The data analysis tasks were
implemented using the R statistical computing software [41].
To report the classification performance, we used four metrics including accuracy, recall,
precision and F1 (Equations (1)–(4)).
Accuracy = (True positive + True negative)/(True positive + True negative + False positive
(1)
+ False negative).
Precision = True positive/(True positive + False positive).

(2)

Recall = True positive /(True positive + False negative).

(3)

F1 = 2 × precision × recall/((beta2 × precision) + recall).

(4)

3. Results
We presented the overall accuracies of the RF models (general model and individual models) as
evaluated using L1SO, 10-fold cross validation and validation with a real-life dataset in Figures 3 and
5. Based on the results, we realized that the L1SO cross validation (with a training or real-life dataset)
led to more realistic results compared to 10-fold cross validation. The 10-fold cross validation always
had the best performance (above 95%) for all models regardless of the sensor positions, training or
testing dataset and there was significant difference between the classification accuracy measured
using L1SO (with training or real-life dataset) and 10-fold cross validation. In other words, 10-fold
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cross validation produced artificially high scores for all models, therefore we focus on the results
obtained by L1SO cross validation only.
3.1. Results for Scenario 1
Using L1SO cross validation (with training data) and accelerometer data only, the general model
with 87% accuracy performed better than individual models. Among individual models, the knee
position scored highest with 82% accuracy followed by left/right hip (77%), chest (76%) and left
pocket (73%). We observed a dramatic drop in accuracy under real-life dataset when using L1SO
cross validation, indicating that the model trained with semi-structured data could weakly predict
PA types in real-life (Figure 3a).
Adding GPS data to the accelerometer data improved the classification performance for all
models validated by L1SO of the training dataset. The overall accuracy of hips and chest, pocket,
general and knee positions increased by 6%, 5%, 4% and 3%, respectively. However, similar to
accelerometer-based models, the classification performance decreased for all models when testing on
real life data. General model performed the best with 73% accuracy followed by knee (72%), chest
(71%), left/right hips (69%) and pocket (66%; Figure 3b).

(a)

(b)

Figure 3. Overall accuracy of the RF classification models trained with semi-structured data, (a)
accelerometer data only and (b) accelerometer and GPS data.

Using L1SO of the training dataset, the overall accuracy for the general models ranged from 70%
to 98% (using accelerometer data only) and from 81% to 99% (using accelerometer data combined
with GPS data). Testing the general models with real-life data, the classification performance was
between 56% and 95% and 56% and 95% using accelerometer data and ACC + GPS data, respectively.
The interquartile range (IQR) of L1SO and the related real-life validation partially overlapped for all
models excluding the general model when using accelerometer data only (Figure 4a). Conversely,
there was no overlap between the IQR of L1SO and its related real-life validation when we added
GPS data (Figure 4b). In addition, using multi-sensor data (Figure 4b) generated more outliers
compared to using accelerometer data only (Figure 4a). The distribution range of the general and
individual position models does not show a significant difference between Figure 4a, b. Results show
that in an ideal situation (i.e., fewer GPS gaps and complete OSM data), adding GPS data could
increase the overall classification accuracy for L1SO of training dataset by 15%.
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(a)

(b)

Figure 4. The distribution of overall accuracy among all participants for the RF classification models
trained with semi-structured data, (a) accelerometer data only and (b) accelerometer and GPS data.

The general RF model using accelerometer data only detected lying, sitting, standing and
running with high recall, precision and F1. However, the model obtained the lowest performance for
non-level walking followed by walking and cycling (highlighted in bold in Table 4). Adding features
derived from GPS data (speed and elevation differences) to the accelerometer feature space
significantly improved the recall, precision and F1 for non-level walking, walking and cycling
(highlighted in bold in Table 5).
Table 4. Confusion matrix of a participant (with the highest GPS contribution) when using
accelerometer data only (Scenario 1).
Accelerometer Only
Cycle
Lie
N_walk
Run
Sit
Stand
Walk

Cycle
168
0
0
1
0
0
47

Lie
0
124
0
0
1
0
0

N_Walk
9
0
209
0
0
0
279

Run
0
0
0
113
0
0
0

Sit
0
0
0
0
108
1
0

Stand
0
1
0
0
0
62
0

Walk
0
0
163
0
0
0
394

Recall
78
99
42
100
99
98
71

Precision
95
99
56
99
99
98
55

F1
85
99
48
100
99
98
62

Table 5. Confusion matrix of a participant (with the highest GPS contribution) when using
accelerometer and GPS data (Scenario 1).
Accelerometer & GPS
Cycle
Lie
N_walk
Run
Sit
Stand
Walk

Cycle
165
0
0
1
0
0
2

Lie
0
124
0
0
1
0
0

N_Walk
10
0
278
0
0
0
192

Run
0
0
0
112
0
0
0

Sit
0
0
0
0
107
0
0

Stand
0
1
0
0
0
66
0

Walk
0
0
89
0
0
0
523

Recall
98
99
58
100
100
99
85

Precision
94
99
76
99
99
100
73

F1
96
99
66
100
100
99
79

Feature Importance
Using accelerometer data only, the mean acceleration along the vertical and medio-lateral axes,
standard deviation and energy of the signal of total acceleration and of the vertical axis, the number
of observations falling within the fourth bin of the medio-lateral axis from the chest sensor’s data; the
mean acceleration along the medio-lateral axes of the left hip and pocket sensor’s data and the
number of observations falling within the fifth bin of the medio-lateral axis from the pocket’s data
were the top 10 best features for the general RF model (see Appendix B, Figure A2a).
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Though the order of important features varied according to the different individual models, the
mean acceleration along the vertical and medio-lateral axes, as well as power spectral density, and
energy and amplitude of the first dominant frequency of total acceleration fell within the top 10
features for all individual models. We also observed that mean acceleration along the anteroposterior axis and total acceleration, average absolute difference of total acceleration, standard
deviation of total acceleration, vertical and medio-lateral axes, energy of the signal along the vertical
and medio-lateral axes, amplitude of the second dominant frequency of total acceleration, number of
observations falling within the fourth, fifth and seventh bin of the medio-lateral axis and range of
acceleration along the medio-lateral axis are among the top 10 features among different individual
models.
Using the accelerometer and GPS data, excluding the features derived from GPS data, a similar
feature importance pattern was seen for the general (see Appendix B, Figure A2b) and individual
models.
3.2. Results for Scenario 2
In Scenario 2, for each participant, we combined all collected data in the semi-structured and
real-life settings, and built the training data or “combined dataset” (Figure 5).

(a)

(b)

Figure 5. Overall accuracy of the RF classification models trained with combined dataset, (a)
accelerometer data only and (b) accelerometer and GPS data.

Using L1SO cross validation (with training data) and accelerometer data only, the general model
achieved 84% accuracy, a 3% decrease compared to the result obtained by using semi-structured data
in training. Among individual models, the knee position again scored highest with 81% accuracy
followed by chest (78%), hips (75%) and left pocket (74%). Using the combined data for training the
RF, compared to Scenario 1, the model performance for chest and pocket positions slightly increased
by 2% and 1%; whereas, it decreased by 3% and 1% for hips and knee position, respectively (Figure
5a).
Adding GPS data to the accelerometer data improved the classification performance for all
models validated by L1SO of the training dataset by 2% with the exceptions of 1% for the pocket
model and 3% for the hips position. This scenario also performed better with the real-life data, and
ACC + GPS resulted in stable classification performance, unlike Scenario 1 where the performance
dramatically dropped for all models. The general, knee, chest, pocket and right hip, and left hip
models achieved 84%, 83%, 80%, 76% and 77% overall accuracy, respectively (Figure 5b).
The boxplots for the models’ performance when using the combined dataset for training RF
models shows that the overall accuracy ranges from 73% to 95% and from 74% to 95% when using
accelerometer data only and when using data from both accelerometer and GPS sensors, respectively,
and evaluated by L1SO (Figure 6). Testing the general models with real-life data, the overall accuracy
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ranges from 65% to 95% (Figure 6a) and 66% to 96% (Figure 6b). The IQR of L1SO and the related
real-life validation overlapped for all models. The overall accuracies follow a similar distribution
trend for both Figure 6a, b, regardless of sensor positions and validation methods. Both hip positions
and the pocket models had the widest distribution followed by chest, knee and general models.
Adding GPS data produced more outliers, as was the case in Scenario 1.

(a)

(b)

Figure 6. The distribution of overall accuracy among all participants for the RF classification models
trained combined dataset, (a) accelerometer data only and (b) accelerometer and GPS data.

The confusion matrix for the participant with the highest GPS contribution (4%) shows that the
most misclassification occurred for non-level walking and walking activities when using
accelerometer data only and L1SO validation (highlighted in bold in Table 6). Similar to Scenario 1,
adding GPS features improved the classification performance by reducing the misclassification errors
for these two activities (highlighted in bold in Table 7).
Table 6. Confusion matrix of a participant (with the highest GPS contribution) when using
accelerometer data only (Scenario 2).
Accelerometer only
Cycle
Lie
N_walk
Run
Sit
Stand
Walk

Cycle
743
0
2
0
0
0
0

Lie
0
185
0
0
1
1
0

N_Walk
2
1
800
0
0
0
233

Run
0
0
1
320
0
0
2

Sit
0
1
0
0
170
0
0

Stand
0
0
0
0
1
157
1

Walk
0
0
91
0
0
0
885

Recall
100
99
77
99
99
99
91

Precision
100
99
89
100
99
99
79

F1
100
99
83
100
99
99
84

Table 7. Confusion matrix of a participant (with the highest GPS contribution) when using
accelerometer and GPS data (Scenario 2).
Accelerometer & GPS
Cycle
Lie
N_walk
Run
Sit
Stand
Walk

Feature Importance

Cycle
738
0
1
0
0
0
1

Lie
0
186
0
0
1
1
0

N_Walk
0
1
810
0
0
0
97

Run
0
0
1
318
0
0
2

Sit
0
0
0
0
166
3
0

Stand
0
0
0
0
1
158
1

Walk
0
0
63
1
0
0
1018

Recall
100
99
89
99
98
99
94

Precision
100
99
93
100
99
98
91

F1
100
99
91
99
99
98
93
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As in Scenario 1, mean acceleration along the vertical and medio-lateral axes, standard deviation
of acceleration along the vertical axis from the chest sensor’s data, mean acceleration along the
vertical axis and number of observations falling within the fifth bin of the medio-lateral axis from the
pocket sensor’s data fell within the top 10 features for the general model when using accelerometer
data only (see Appendix B, Figure A3a). The average absolute difference of total acceleration and
acceleration along the vertical axis, power spectral density of total acceleration from the chest’s sensor
data, number of observations falling within the fourth bin of the medio-lateral axis and amplitude of
the third dominant frequency of acceleration along the medio-lateral axis from the pocket’s sensor
data were also among the top 10 important features for accelerometer data. The individual models’
importance pattern for the top 10 features was similar to the individual models’ feature importance
in Scenario 1. There was again variation in the order of feature importance depending on the different
individual models. The mean acceleration along the medio-lateral axis and power spectral density of
total acceleration were among the top 10 features of all individual models.
Using accelerometer and GPS data, excluding the features derived from GPS data, we observed
a similar feature importance pattern for the general (see Appendix B, Figure A3b) and individual
models.
3.3. Sensitivity Analysis on Segment Size
We performed sensitivity analysis on different segment sizes using L1SO of training data to
determine how sensitive the models are to the segment size. For both scenarios, we tested segment
sizes of 2, 5, 10, 20, 30 and 60 s and performed L1SO cross validation on the general RF models. The
results show that performance starts to converge with larger window size in (a) whereas (b) has the
widest gap at 20 and 30s. Overall, there are slight changes ranging from 1% to 3% for the models’
performance when using different segment sizes (Figure 7).

(a)

(b)

Figure 7. Sensitivity analysis on segment size, (a) general model trained with semi-structured dataset
and (b) general model trained with combined dataset.

4. Discussion
4.1. Discussion of Results
The aim of this study was to investigate the extent to which using GPS sensor data, in
conjunction with accelerometer data, enhances the prediction performance in detecting the major
posture and transport-related motion activity types (sitting, standing, lying, level walking, non-level
walking, running/jogging and cycling). Moreover, this study explored how adding GPS data allows
the number of sensor devices to be minimized in PA monitoring.
The validation results show that using standard 10-fold cross validation, which allows data from
the same participant in the test and training set produces artificially high accuracy scores. Though
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10-fold cross validation is commonly used, it is a weak evaluation method, while L1SO cross
validation corresponds to a more realistic setting in which the algorithm would be applied. In
practical use, the data from a particular participant are never used as training data to classify another
piece of data from that same participant, but will instead be used to classify data from another
participant. Hence, it is likely that L1SO scored lower than 10-fold because different participants have
different ways of performing individual activities. For these reasons, we recommend against using
the 10-fold cross validation method in the PA type detection.
Adding GPS data to the general model improved the accuracy in Scenario 1, although the
developed models showed a dramatic decrease when evaluated with L1SO applied on the real-life
dataset. Performance decreased by 12% when using accelerometer only, and by 18% when using both
accelerometer and GPS. This result indicates that adding GPS data to accelerometer data produces
significant generalization error when tested with a real-life dataset. The generalization error may
result from performing the activities in different real-life environments (leisure and urban), impacting
the variable accuracy of GPS data. Urban areas in particular can affect GPS signal reception and
therefore generate more GPS gaps and uncertainty in the data. Having more outliers in the boxplots
when adding GPS data is also a manifestation of the increase in data uncertainty (Figure 4a).
Moreover, incomplete OSM data is more often encountered in leisure (i.e., rural) environments,
which influences the outcome of map matching GPS data collected in those areas. Thus, models
developed using semi-structured data are weakly transferable to the data collected in real life,
particularly when we add GPS data to the training data. The distribution of overall accuracy among
all participants also shows the above-mentioned conclusion; by adding GPS data, there is a larger
gap between IQR of L1SO and its related real-life validation for the general model (Figure 4b).
We used the combined dataset to train models in Scenario 2 to improve the transferability of our
models for a real-life dataset and address the overfitting issue. In machine learning, overfitting refers
to when a model learns the training data very well but performs weakly on a new dataset. Compared
to the semi-structured dataset, there is more variation in the combined dataset, which explains the
overall decrease in overall accuracy of the models between Scenarios 1 and 2. Using the combined
data, the models showed comparable accuracy when evaluated by a L1SO of the training data and
when evaluated with the real-life dataset. Testing the models on the real-life dataset of an unseen
participant in the training data resulted in an overall accuracy of 83% for the accelerometer-based
model (decreasing by only 1% compared to the result obtained by using L1SO validation of the
training data) and 86% for the ACC + GPS based model. We therefore conclude that the new models
trained with the combined dataset generate robust models with reproducible classification
performance for real-life data from new subjects. The high degree of overlap between IQR of L1SO
and the related real-life validation for all models in Scenario 2 also supports this conclusion. The
advantage of using the combined dataset rather than the semi-structured dataset for training the
model is that there is less generalization error in the classification performance when we use a reallife (i.e., a new) dataset for testing. This supports the results by Ermes et al. (2008) that in order to
build a model that performs reliably on a real-life dataset, it is necessary to include labeled data
collected in real-life in the training data [34]. It also explains why Scenario 2 performed better than
Scenario 1 on the real-life data, with ACC + GPS increasing real-life performance.
Regarding the features, we did not apply any feature selection or dimensionality reduction
algorithms as we used the random forest as a classifier, which performs feature selection throughout
the classification process. Therefore, using the random forest classifier, the high number of features
for general models does not lead to oscillations of the classification. We also used the R package
ranger [42], which is a faster and more memory-efficient implementation of random forests, to
improve the models’ processing time. In general, when excluding GPS features, similar time and
frequency domain features from accelerometer data appeared in all models, though the importance
changes based on the sensor’s position. The top 10 important features that gained the highest
frequency among all models include the mean acceleration of the vertical, medio-lateral and anteroposterior axes; energy of acceleration along the vertical and medio-lateral axes; standard deviation of
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vertical axis and the average absolute difference, standard deviation, energy, power spectral density
and amplitude of the first dominant frequency of total acceleration.
We performed a sensitivity analysis on six different segment sizes to assess the transferability of
our models on data extracted from different time intervals. The highest GPS contribution to the
classification performance was for the segment size of 2 s (4%) in Scenario 1 and for the segment sizes
of 20 and 30 s (3%) in Scenario 2. Adding GPS data resulted in a high accuracy of 91% for all segment
sizes except 20 s (90%) in Scenario 1. In Scenario 2, using multi-sensor data led to the highest accuracy
of 87% when 20s segments were used. As there are only slight changes ranging from 1% to 3% for the
models’ performance when using different segment sizes, we could conclude that our models were
stable and robust to the segment size. Using the longest, 60 s segment size, the ACC + GPS models in
Scenario 1 and 2 reached 91% and 84% overall accuracy, respectively. This demonstrated that our
models would be useful when collecting data with storage and battery limited devices (such as
smartphones), which have limitations in recording sensor data at high sampling rates during longterm PA monitoring.
Comparing the five individual models, each trained on data from a single sensor position,
showed that hips and chest models generate comparable accuracy with and without adding GPS
data. For both hip positions, we usually gained similar classification performance, although we asked
participants to wear the hip devices in different orientations. This shows that the orientation does not
have a significant influence on the overall classification performance when using hip positions.
However, looking more in detail, we found that the two hip models have distinguishable
performance for different participants in detecting different activities. For example, the left hip model
detects sitting activity better than the right hip model for some participants. The pocket position
usually performed worse than other positions, possibly because the device in this position was not
fixed as participants simply put the device in their pocket, which could cause flipping or rotating the
device during activity performance. The knee model performed best both when using accelerometer
only and when using multi-sensor data in both scenarios. In Scenario 2, the knee model showed
comparable performance with the general model and achieved an accuracy above 80%. It also gained
the most similar IQR compared to its related general model in this scenario. Moreover, in an ideal
situation, the knee multi-sensor model obtained an overall accuracy of 94% for detecting the major
posture and motion activities (see Appendix B, Table A4) when evaluated by L1SO on training data.
This indicates that adding GPS data to knee-positioned accelerometer data provides classification
performance with high accuracy, which further suggests that participant burden might be reduced
as the number of sensor devices can be minimized for PA type detection.
4.2. Contributions and Limitations
This study has several strengths and limitations worth noting. A general strength of this study
is that we comprehensively investigated the contribution of adding GPS data to enhance
accelerometer-based PA type classification, as discussed above. We accurately detected activities that
help to discover humans’ daily activity behavior. For instance, Ermes et al., (2008) noted that the
majority of data collected in the real-life environment by their participants (78%) include lying, sitting
and standing, and emphasized the importance of detecting these three stationary activity types in
real-life. However, they grouped sitting and standing to one group, as their model could not reliably
distinguish these two activities [34]. There is a causal effect between spending too much time on these
activities and the risk of negative health impacts such as diabetes or obesity. Detecting stationary
activities, therefore, allows measurement of the amount of time people can spend on other more
health-enhancing activities in their daily life. Related to this, Nguyen et al., (2013) were unable to
accurately detect activities with similar GPS speed and accelerometer data profiles that require
different EE and have a different health impact such as non-level and level walking [6]. In order to
better detect these activities, in addition to GPS speed, we extracted another distinctive feature
(elevation difference) by linking GPS spatial coordinates to DEM data.
Compared to most studies, which use a small sample size, we employed a large sample of thirtythree people that generated a comprehensive training dataset in terms of the diversity of the subjects’
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physical characteristics and also inspires confidence in our results. We used a customized light
portable device with embedded accelerometer and GPS sensors for data collection, which overcomes
the drawbacks of using smartphones or multiple devices. Using smartphones reduces the burden on
the participant [24,31], as there is no need to carry extra devices; however, smartphones’ limited
battery and storage makes long-term activity monitoring problematic. Moreover, user interaction
with the smartphone, such as making a phone call or sending a text message, can affect the sensor’s
data quality. Applying multi-devices [5,13,32,34] also entails carrying more devices and therefore a
great burden on participants, particularly in real-life PA monitoring. In real-life experiments, welldesigned data collection logistics are necessary to ensure that the process is minimally invasive for
participants, while providing suitable data quality for researchers. Studies have addressed the
question of how different body locations of accelerometers’ can influence the performance of PA type
detection [10,12,43]. However, it previously remained unknown how GPS sensor data can help in
providing minimum a device configuration when used in combination with accelerometer data. Our
examination of five device locations showed that the model developed using GPS and accelerometer
data from a knee-worn device produces comparable high accuracy (above 80%) to the model
developed by using data from multiple devices.
This study has some limitations that should be addressed in future research. The models that
included GPS data are limited to detect outdoor activities because there are limitations regarding GPS
signal reception in indoor environments and DEM data are only available for outdoor environments.
We applied a high resolution DEM (2 m ground resolution) to extract elevation information for each
GPS point; using a DEM with low resolution may not lead to similar results. We only used linear
interpolation and point-to-curve geometric map matching to preprocess the GPS data. Other
interpolation and map matching methods might help to advance the classification performance. The
high performance of the developed models, however, can be achieved only when GPS data with few
gaps and complete OSM data are available. Low data quality might lead to unreliable PA
classification performance. Moreover, as in all such studies, the classification results depend on the
target activities and study settings; selecting other activities and experimental conditions might lead
to different outcomes. Though we accurately detected three major sub-types of postures (i.e., sitting,
standing and lying), we did not aim to detect other sub-types of posture activity such as active
standing (which occupies significant percentages of human daily activities) or complex activities [44].
In future studies, a wider range of activities should be included to provide more information about
health-related daily PAs. Though we achieved a high classification performance using the RF
classifier, applying other advanced machine learning models such as recurrent neural networks
including long short-term memory (LSTM) networks [45,46] and comparing their performance may
be considered as a future study. Finally, we trained the models using data collected by young healthy
adults only. To what extent these models are transferable to older adults is a research question that
we would like to answer in a future study.
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Appendix A
Table A1. Activity tasks for the semi-structured data collection.
Activity Task (I)

Activity Task (II)

First step: Walking at different speed
Jump and stand still for 5 s at starting point
Jump and stand still for 5 s at starting point
Walk at SLOW speed
Walk at NORMAL speed
Turn left at turning point (sharp turn)
Turn right at turning point (smooth turn)
Walk at SLOW speed
Walk at NORMAL speed
Stop at the stop point for 5 s
Stop at the stop point for 5 s
Walk at FAST speed
Walk at FAST speed
Stop at the stop point for 5 s
Stop at the stop point for 5 s
Walk at NORMAL speed
Walk at SLOW speed
turn left at point (smooth turn)
turn right at turning point (sharp turn)
Walk at NORMAL speed
Walk at SLOW speed
Stand still for 5 s at end point and jump
Stand still for 5 s at starting point and jump
Second step: Running
Jump and stand still for 5 s at starting point
Jump and stand still for 5 s at starting point
Run at self-paced speed
Run at self-paced speed
Turn left at turning point (sharp turn)
Turn right at turning point (smooth turn)
Run at self-paced speed
Run at self-paced speed
Stop at the stop point for 5 s
Stop at the stop point for 5 s
Run at self-paced speed
Run at self-paced speed
Turn left at turning point (smooth turn)
Turn right at turning point (sharp turn)
Run at self-paced speed
Run at self-paced speed
Stand still for 5 s at starting point and jump
Stand still for 5 s at starting point and jump
Third step: Cycling
Jump and stand still for 5 s at starting point
Jump and stand still for 5 s at starting point
Get on the cycle
Get on the cycle
Cycle at self-paced speed
Cycle at self-paced speed
Turn left at the turning point
Turn right at the turning point
Cycle at self-paced speed
Cycle at self-paced speed
Turn left at the turning point
Turn right at the turning point
Stop at the ending point
Stop at the ending point
Get off the cycle
Get off the cycle
Stand still for 5 s at starting point and jump
Stand still for 5 s at starting point and jump
Fourth step: Stairs walking
Jump and stand still for 5 s at starting point
Jump and stand still for 5 s at starting point
Walk upstairs at normal speed
Walk upstairs at normal speed
Stand still for 5 s after first floor
Stand still for 5 s after first floor
Walk upstairs at normal speed
Walk upstairs at normal speed
Stand still for 5 s at ending point and jump
Stand still for 5 s at ending point and jump
Jump and stand still for 5 s at starting point
Jump and stand still for 5 s at starting point
Walk downstairs at normal speed
Walk downstairs at normal speed
Stand still for 5 s after first floor
Stand still for 5 s after first floor
Walk downstairs at normal speed
Walk downstairs at normal speed
Stand still for 5 s at ending point and jump
Stand still for 5 s at ending point and jump
Fifth step: Walking at different slopes
Jump and stand still for 5 s at starting point
Jump and stand still for 5 s at starting point
Walk uphill at normal speed
Walk uphill at normal speed
Stand still for 5 s at ending point and jump
Stand still for 5 s at ending point and jump
Jump and stand still for 5 s at starting point
Jump and stand still for 5 s at starting point
Walk downhill at normal speed
Walk downhill at normal speed
Stand still for 5 s at ending point and jump
Stand still for 5 s at ending point and jump
Sixth step: Sedentary activities
Sit
Jump
Jump
Go from standing position to sitting
Go from standing position to sitting
Sit for 1 min
Sit for 1 min
Go from sitting position to standing
Go from sitting position to standing
Stand
Stand
Jump
Jump

Duration: 16.5 + 16.5 + 33
1.5 h
3+3

1.5 + 1.5

1.5 + 1.5

1+1

1+1

2+2

2+2

1+1
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Jump
Stand for 1 min
Jump

Jump
Stand for 1 min
Jump

1+1

Jump
Go from standing position to sitting
Sit
Go from sitting position to lying on your back
Lie on your back for 1 min
Go from lying on your back to sitting position
Sit
Go from sitting position to standing
Stand
Jump

1+1

Lie
Jump
Go from standing position to sitting
Sit
Go from sitting position to lying on your back
Lie on your back for 1 min
Go from lying on your back to sitting position
Sit
Go from sitting position to standing
Stand
Jump

Table A2. Activity tasks for the real-life data collection.
Activity
Lying
Sitting
Standing
Walking uphill
Walking downhill
Walking downstairs
Walking upstairs
Walking, level ground
Cycling, level ground
Running, level ground

0%

Minimum Duration (Minute)
Location
Sedentary activities
1
Outdoors (e.g., on a bench)
1
Outdoors (not in a vehicle)
1
Outdoors (not in a vehicle)
Non-level walking
2
Outdoors
2
Outdoors
2 floors (8 steps each)
Outdoors
2 floors (8 steps each)
Outdoors
Transport-related activities
5
Leisure area (e.g., park)
5
Urban area (e.g., street sidewalk)
5
Leisure area (e.g., park)
5
Urban area (e.g., street bike path)
1
Leisure area (e.g., park)
1
Urban area (e.g., street sidewalk)

20%

40%

60%

80%

Austrian

Swiss

French

German

Italian

Croatian

Finnish

Uzbek

Russian

Chinese

American

Iranian

British

South Korean

Belgian

Figure A1. Nationality of the participants involved in the study.

100%
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Appendix B

(a)

(b)

Figure A2. Top 30 important features of a participant’s general RF model (with the highest GPS
contribution) trained with semi-structured data (see the feature description in Table A3). (a)
Accelerometer data only and (b) accelerometer and GPS data.

(a)

(b)

Figure A3. Top 30 important features of a participant’s general RF model (with the highest GPS
contribution) trained with combined data (see the feature description in Table A3). (a) Accelerometer
data only and (b) accelerometer and GPS data.
Table A3. List of features appearing in Figures A2 and A3.
Feature Notation

1, 2, 3, 4, 5

SVM
Avg-SVM, Avg-acc-x, Avg-acc-y, Avg-acc-z
Std-SVM, Std-x, Std-y, Std-z
BinN, BinNx, BinNy, BinNz

Description
1 = Chest sensor’s data
2 = Knee sensor’s data
3 = left hip sensor’s data
4 = left pocket sensor’ data
5 = right hip sensors’ data
(e.g., ef1 = energy of total acceleration derived from
chest sensor’s data)
Total acceleration
Mean of total acceleration and each axis
Standard deviation of total acceleration and each axis
Number of observations falling within the Nth bin of
total acceleration and each axis
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Avgabsdiff, Avgabsdiffx, Avgabsdiffy, Avgabsdiffz
RangeSVM, Rangex, Rangey, Rangez
APSD, APSDx, APSDy, APSDz
ef, efx, efy, efz
ADF1, ADF1x, ADF1y, ADF1z
ADF2, ADF2x, ADF2y, ADF2z
ADF2, ADF2x, ADF2y, ADF2z

Average absolute difference of total acceleration and
each axis
Range of total acceleration and each axis
Power spectral density of total acceleration and each
axis
Energy of total acceleration and each axis
Amplitude of the first dominant frequency of total
acceleration and each axis
Amplitude of the second dominant frequency of total
acceleration and each axis
Amplitude of the third dominant frequency of total
acceleration and each axis

Table A4. Confusion matrix of a participant when using accelerometer and GPS data for knee
position. (Scenario 2).
Accelerometer & GPS
Cycle
Lie
N_walk
Run
Sit
Stand
Walk

Cycle
1245
0
21
0
1
0
0

Lie
0
196
0
0
0
0
0

N_Walk
8
0
536
3
1
0
43

Run
1
0
0
254
0
0
1

Sit
0
0
0
0
195
15
0

Stand
0
0
1
0
2
259
0

Walk
11
0
145
3
0
0
1029

Recall
98
100
76
98
98
95
96

Precision
98
100
91
99
93
99
87

F1
98
100
83
98
95
97
91
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Appendix C
Data synchronization1
In order to build the general model that was trained with data obtained from all five sensors and
also to make the five individual RF models that each use data from a single sensor position
comparable, it was imperative to have the sensors’ data streams of the five devices
synchronized. Accurate time information from the GPS receiver was essential for data
synchronization. However, the integrated GPS-accelerometer unit of the uTrail device was not
without limitations and imposed challenges on data synchronization. One of the critical issues
was the uTrail’s dependency of the accelerometer’s timestamps on the GPS clock. The 3D
accelerometer sensor generated a data stream of observations that included a data value for each
axis and a corresponding timestamp by the device’s real-time clock (RTC), which was however
not as accurate as the GPS clock. The RTC was in sync with the GPS clock whenever the device
could get GPS fixes. However, when the GPS signal (and thus the GPS time) was lost, it was
going out of sync and encountering a time drifting error, accumulating over time. Thus, the time
drifting error caused a mismatch between the timestamps of the five accelerometers and,
consequently, difficulties in synchronizing them.
Signal loss is a common problem when using GPS devices in real-life environments due to
environmental factors (weather, high buildings, dense urban areas, indoor locations, and heavy
tree canopies) that influence the GPS signal reception. However, I realized an unexpected
behavior of GPS signal loss despite having clear visibility over relatively large parts of the sky
during the data collection. That was due to technical issues of the uTrails’ GPS module, which
caused more GPS signal loss than normally expected.
To address these issues, I had to reanalyze the raw accelerometer data using the support
software, which was fixing the erroneous timestamps based on the first valid RTC timestamp
and the accelerometer sampling frequency as follows: The program timestamped the first
sample at time t0 (the first timestamp where the RTC was in sync with the GPS clock) and
calculated the timestamps of the remaining samples by counting the accelerometer samples.

1

This appendix was not included in the published version of Allahbakhshi et al. (2020) and has been added for
the purposes of this PhD thesis in order to report on the technical solution developed for the synchronization
of accelerometer data streams in the multi-sensor configuration used in Allahbakhshi et al. (2020) and
Allahbakhshi et al. (submitted). This particular solution was prompted by technical issues caused by
peculiarities of the design of the uTrail tracking devices used in this work, in particular the dependency on the
GPS clock.
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Given t0, the timestamps of the remaining samples were found from the equation below, where
n is the number of accelerometer samples, and fs is the accelerometer sampling frequency:
t = t0 + n * ∆t, with ∆t = 1 / fs
The accelerometer sampling frequency was defined as 0.02 seconds or 50 Hz. However, the
predefined frequency could not be guaranteed and had a variation of ± 0.02 Hz or between
49.98 to 50.02 Hz. Therefore, since the accelerometer sampling frequency was not exactly
fixed, the stream for multiple accelerometer sensors might not end at the same timestamp; there
was a difference between the last sample’s timestamp of one sensor and those of the other
sensors.
To align the data streams of multiple accelerometers, I instructed participants to make a sudden
jump (i.e., “stand still for five seconds, then jump, then stand still again for five seconds”)
before and after performing each activity task. The jumping activity was considered as a shared
event that happened to all five sensors at the same global clock time, irrespective of their
recorded timestamps. It generated a distinguishable acceleration profile (i.e., peaks) within the
standing still segments (Figure A4). Therefore, I could leverage these jumps to synchronize the
sensors’ data streams. To this end, the peak acceleration of the start and end jumps should be
detected within the standing still segments. Once jump points were found in the sensor data

Accelerometer vector magnitude

streams, the data recordings of the five sensors could be aligned based on those peaks.

Time
Stand still-jump-stand still

Stand still-jump-stand still

Figure A4. Accelerometer data synchronization

The ideal solution to align the sensor data streams was to consider the sensor with the highest
GPS data coverage (i.e., with fewer GPS missing values and less time drifting error) as the
reference sensor and adjust the timestamps of the other sensors according to that sensor’s
timestamps and accelerometer sampling rate. However, due to the slightly varying sampling
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frequency of accelerometer data mentioned earlier, there could be a difference in the range of
milliseconds to seconds between the last sample’s timestamp of the reference sensor and those
of the other sensors.
Therefore, I first identified the first and end timestamps for each sensor corresponding to the
highest peaks (jumps) that occurred within the standing still segments before and after
performing the activity task, respectively. Then I measured the time differences between the
first timestamps and between the end timestamps. If the time differences were less than 3
seconds for the first and end timestamps, I assumed that the data streams are aligned, otherwise,
I discarded the data of that activity task.
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Abstract:
Background: Increasing the amount of physical activity (PA) in older adults that have shifted to a sedentary
lifestyle is a determining factor in decreasing health and social costs. It is, therefore, imperative to develop
objective methods that accurately detect daily PA types and provide detailed PA guidance for healthy aging.
Most of the existing techniques have been applied in the younger generation or validated in the laboratory. To
what extent these methods are transferable to real-life and older adults is a question that this paper aims to answer.
Method: 63 participants, including 33 younger and 30 older healthy adults, participated in our study. Each
participant wore five devices mounted on the left and right hips, right knee, chest, and left pocket and collected
accelerometer and GPS data in both semi-structured and real-life environments. Using this dataset, we developed
machine-learning models to detect PA types walking, non-level-walking, jogging/running, sitting, standing, and
lying. Besides, we examined the accuracy of the models within and between age groups applying different
scenarios and validation approaches.
Results: The within-age models showed convincing classification results. The findings indicate that due to agerelated behavioral differences, there are more confusion errors between walking, non-level walking, and running
in older adults’ results. Using semi-structured training data, the younger adults’ models outperformed older
adults’ models. However, using real-life training data alone or in combination with semi-structured data
generated better results for older adults who had high real-life data quality. Assessing the transferability of the
models to older adults showed that the models trained with younger adults’ data were only weakly transferable.
However, training the models with a combined dataset of both age groups led to reliable transferability of results
to the data of the older subgroup.
Conclusion: We show that age-related behavioral differences can alter the PA classification performance. We
demonstrate that PA type detection models that rely on combined datasets of young and older adults are strongly
transferable to real-life and older adults’ data. Our results yield significant time and cost savings for future PA
studies by reducing the overall volume of training data required.
Keywords: Older adults, physical activity types, real-life, transferability, machine learning
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1. Introduction
According to the World Health Organization, the aging population is increasing rapidly throughout the world (1).
This growth in age leads to increasing demands for health care services and, consequently, more burden on
societies, particularly when older people are trapped in a physically inactive lifestyle (2). Spending too much time
on sedentary behavior such as sitting and lying has been linked with an increased risk of various physical and
mental health disorders such as chronic diseases, obesity, diabetes, and depression (3–5). Physical activity (PA) is
one of the main determinant factors for healthy aging (6). PA contributes to maintaining the functional ability and
independence of older adults and preventing or mitigating the challenges related to their health status (7, 8).
An extensive body of literature focused on traditional methods to study the PA behavior of older adults by using
questionnaires (9–13). However, these self-reporting methods are prone to individuals’ recall bias or
under/overestimating the duration of activities that have been undertaken and therefore are unable to assess PA
behavior reliably as it is actually occurring during human’s daily life (14,15). With the advent of wearable mobile
sensor technology, sensor-based methods have been shown to be a powerful tool in addressing the limitations of
self-assessed methods by providing valid and reproducible measurements of PA (16). However, although sensorbased studies provide essential contributions to the PA field, several shortcomings can still be identified, according
to the systematic literature search of our recent review (17).
First, from a general perspective, existing studies on objectively-measured PA primarily focused on PA
level/intensity (18–20). At the same time, evidence shows that to increase the amount of PA in older adults,
providing specific and detailed information about PA has a more significant impact on actual behavior change
compared to providing more general PA recommendations (8). In other words, among the four main dimensions
of PA, including frequency, intensity, time, and type, focusing on the type of PA and detecting activities such as
sitting, walking, and so on is of more relevance than mere intensity detection in older adults (21). Another critical
factor is that most of the existing studies that developed PA type detection (PATD) models used data collected
under controlled conditions such as laboratory settings (16, 22–24). However, to examine the association between
older adults’ PA and their health status, it is vitally important to study their PA behavior in daily life, i.e., in an
ecologically valid context (21). Furthermore, most of the classification models so far have been built based on data
collected from limited samples (often less than 30) of healthy younger adults, who might have a different PA
performance compared to older adults (17, 21, 25); therefore, the transferability of classification models learned
on younger samples to older populations also requires further investigation.
From a methodological perspective, supervised machine learning (ML) algorithms are the most common
methods in sensor-based PATD (17, 26–29). The idea behind these algorithms is learning from training data in
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which the PA type of each observation is known and then applying this learned model to detect the PA types of a
new unknown data set. However, there are two main challenges for supervised ML algorithms. First, ML assumes
the data distribution of the training dataset will never change, whereas this rarely happens in reality due to different
physical characteristics and activity performance of the individuals involved in the data collection. Thus,
developing a robust ML activity recognition model requires a significant amount of accurately labeled training
data. Another challenge, therefore, lies in collecting accurate PA ground truth data in an unobtrusive way, which
is time-consuming and challenging, especially for the aging population, as it requires a massive amounts of human
workload for data annotation (30,31). Thus, providing PATD models that can successfully be transferred to new,
unseen datasets — in particular unlabeled data collected on older adults — is essential as it helps reducing the cost
and time for data labeling and classification model development and training.

The current study aims to address the identified shortcomings and builds upon our previous work, where we studied
real-life PATD in younger adults using accelerometer and global positioning system (GPS) data (32). In this paper,
we aim to investigate to what extent our activity recognition ML algorithm developed on the younger sample can
be transferred for predicting the PA types in a sample of older adults. To this end, we collected a new dataset of
healthy older adults and conducted extensive analyses both within and between the two age groups by considering
different scenarios (e.g., semi-structured vs. real-life). Through our experimental validation, we highlight the
limitations of existing methods in assessing the PA behavior of older adults, and we show how the transferability
of PATD models to older age groups can be improved.

2. Materials and Methods
2.1. Procedure

The experimental study consists of two stages, each concerned with one age group. Stage 1 involved collecting
labeled PA type data by 33 healthy young participants (Table 1) who performed seven daily PA types, including
lying, sitting, standing, walking on level ground, non-level walking, jogging/running, and cycling, in two different
environments (semi-structured and real-life). The detailed protocol for the data collection has been reported
elsewhere (32). In (32), the PATD was also evaluated on younger adults by developing and testing random forest
(RF) ML classification models using accelerometer and GPS data from an individual sensor position (individual
model) or alternatively integrating sensor data from five different sensor positions (general model) in different
scenarios. The developed classification models achieved a high classification performance and transferability on
real-life data. Stage 2 of the current study involved collecting PA labeled data from 30 healthy, community-
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dwelling older adults using a procedure equivalent to Stage 1, aiming to evaluate and improve the transferability
of the developed classification models trained on data of younger adults in (32), on new data collected from older
adults.
In a procedure equivalent to (32), we collected labeled data from older adults in two protocols, semi-structured
and real-life. The older participants conducted the same semi-structured protocol as the younger adults did in (32).
However, we eliminated the cycling activity from the list of requested activities for older adults in both protocols
due to safety reasons. To simplify the data collection process and avoid putting too much burden on the older
participants, we adjusted the real-life protocol. Contrary to younger participants that performed the real-life
protocol in an outdoor environment of choice as part of their daily life, we asked older adults to perform the activity
protocol in a pre-specified area where they could perform all the requested PA types. However, they were free to
perform the activities in their own way and at their own speed, just like to younger participants. During the reallife data collection, an observer followed the older adults and labeled their data, whereas younger participants selfannotated their real-life data using a smartphone app. We asked the older adults to perform the walking activities
in a leisure area, on two different types of surfaces (paved vs. gravel) including five minutes of walking on
pavement and a two-minute walk on a gravel surface to include as much variation as probably existing in the
younger adults’ leisure walking data.

2.2. Device
We used three types of devices for the older adults’ data collection, including uTrail (firmware versions 6.49 &
6.50), smartphone (Motorola Moto E, 2nd gen), and ActiGraph (GT3X+). The uTrail is a wearable custom-built
device that includes an audio sensor, a GPS sensor (uBlox UC530M) with a 1 Hz sampling rate, and an
accelerometer that contains three magnetic field channels and three acceleration channels (ST Microelectronics
LSM303D) (33). The smartphone recorded accelerometer and GPS data (1 Hz), and the ActiGraph (GT3X+)
measured the body acceleration in three dimensions. We set the sampling rate of the accelerometer sensors to 50
Hz for all three devices. For the study reported here, we used only accelerometer and GPS data of the uTrail device.
In total, we mounted seven devices on the participants’ body in the configuration shown in Figure 1: one
smartphone (Motorola Moto E, 2nd gen) inside their right pocket and five uTrail devices on different body
locations including left and right hips, inside their left pocket, chest and right knee. Two elastic straps, each holding
the uTrail, were adjusted around their chest and below their right knee. For the hip positions, we fixed the uTrail
devices to their waistband using the device clip. Additionally, we fixed an ActiGraph device using a strap band on
the participants’ right hip axis-aligned to their right-hip uTrail device.
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Actigraph
Smartphone
uTrail

Figure 1. The location of wearable devices on participants’ body

We applied a direct observation approach for activity annotation using the “aTimeLogger” free app installed on a
smartphone for both semi-structured and real-life protocols.

2.3. Participants
A total of 30 healthy older adults aged above 65 participated in the data collection (Table 1). They represent a
subset of the Mobility, Activity, and Social Interactions Study (MOASIS), an ambulatory assessment study
involving 30 days of sensing using the uTrail device in a sample of N = 153 adults aged 65+ (34). As inclusion
criteria, participants were required to be physically and cognitively healthy (MMSE ≥ 27), walk and run without
walking aids (self-report), and accept the instructions of the study protocol. The study was carried out following
the rules of the Declaration of Helsinki of 1975 and in compliance with the ethical guidelines of the Faculty of
Arts and Social Sciences of the University of Zurich. All participants provided written informed consent.
Table 1. Physical characteristics of the participants involved in the study
Physical characteristics

Mean (SD)
Younger adults

Mean (SD)
Older adults

No. (F/M)

33 (13/20)

30 (17/13)

Age (year)

29 ± (5.6)

72 ± (4.8)

Height (cm)

173 ± (10.05)

167 ± (10.12)

Weight (kg)

67 ± (9.8)

70 ± (15.8)

22 ± (1.9)

24.5 ± (3.8)

−2

BMI (kg.𝑚 )

2.4. Data
The total amount of labeled data collected for older adults was about 115 hours, consisting of an average of 50
hours for the semi-structured protocol and 65 hours for the real-life protocol, respectively (Table 2). In order to
have matching PA types between the two age groups, we discarded the cycling activity data from the younger
adults’ dataset and updated the amount of their data collected in the previous study (32) accordingly.
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Table 2. Labeled data collected for the study by the uTrail device. Numbers in brackets denote the number of sample points.
Dataset

Semi-structured
Real-life
Total

Total
Acc. data

Total
GPS data

Acc. data
per person

GPS data
per person

Younger
adults

Older
adults

Younger
adults

Older
adults

Younger
adults

Older
adults

Younger
adults

Older
adults

~ 56.2 h
(10124736)
~ 66.9 h
(12045815)
~123.1 h
(22170551)

~ 49.2 h
(8871854)
~ 65.3h
(11761730)
~ 114.63 h
(20633584)

~ 54.2 h
(195160)
~ 65.4 h
(235488)
~119.6 h
(430648 )

~ 51.71 h
(186184)
~ 64.63 h
(232683)
~116.35 h
(418867)

~ 1.7 h
(306810.2)
~ 2.02 h
(365024.7)
~ 3.73 h
(671834.9)

~ 1.64 h
(295728)
~ 2.17 h
(392057.7)
~ 3.82 h
(687785.7)

~ 1.64 h
(5913.9)
~ 1.98 h
(7136 )
~ 3.62 h
( 13049.9)

~ 1.72 h
(6206)
~ 2.15 h
(7756.1)
~ 3.87 h
(13962.1)

2.5. Data preprocessing
We preprocessed the accelerometer and GPS data using the approach presented in (32). We then derived, as
explained in (32), a set of 85 time and frequency domain features from the accelerometer data, as well as two GPS
features (average speed, elevation difference) from the GPS data, all within overlapping 2-seconds time windows.
We aggregated the labeled PA types into six classes, including lying, sitting, standing, walking, non-level walking,
and running,. We used ArcGIS v.10.6.1 and the R statistical computing software for the data analysis (35).

2.6. Classification model development
As in the previous study (32), we used a random forest classifier for the PA type classification. Random forests
(RF) are a representative of so-called ensemble classifiers, which build a classification model by aggregating the
predictions of multiple individual classifiers and thus tend to be more flexible and robust compared to individual
models. More specifically, RF is a bagging ensemble classifier that builds multiple individual decision trees in a
parallel way; each model is built based on a random subset of the training feature data (36).
We created three different training datasets, one using data from the semi-structured protocol only, one using data
from the real-life protocol only, and one using the combined dataset of both the semi-structured and real-life
protocols. We used the RF classifier to build the classification models in different scenarios, which featured a
particular combination of training data set, validation method, and test data (Table 3). For each scenario, we
examined both single (accelerometer data only) and multi-sensor (accelerometer and GPS data) approaches to
build the RF classification models. We built a general model that was trained with data obtained from all five
sensor positions (chest, left hip, right hip, left pocket, and right knee) and also five individual models, each trained
with data from a particular single sensor position.
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Table 3. Scenarios for separating data into training and test datasets and the corresponding validation method
Scenario no.

Training dataset

Validation method and test data

Scenario 1

Semi-structured dataset

Scenario 2

Combined (semi-structured
and real-life) dataset
Real-life dataset

A) L1SO cross-validation on semi-structured data
B) L1SO cross-validation on real-life data
A) L1SO cross-validation on combined data
B) L1SO cross-validation on real-life data
A) L1SO cross-validation on real-life data

Scenario 3

To assess whether classification performance differences exist between the two age groups, we built two withinage models, each using data from one age group (Table 4). To assess the transferability of the PA classification
models trained with younger adults’ data on data from the older group, we built the Young-trained-between-age
(Y-trained-btw-age) models. To assess how the transferability of the classification models on the data of older
adults can be improved, we created the Young and Old-trained-between-age (Y&O-trained-btw-age) model, which
was trained with a combined dataset of both age groups and tested on the older adults’ data.
Table 4. The developed models to evaluate the classification performance differences within and between the two age groups
Model

Training dataset

Testing dataset

Within-old-age
Within-young-age
Y-trained-btw-age
Y&O-trained-btw-age

Older adults
Younger adults
Younger adults
Younger & older adults

Older adults
Younger adults
Older adults
Older adults

2.7. Evaluating the effects of the validation strategy and the classifiers used
In order to evaluate the effects of choices concerning the methods used for PA type classification, we further
evaluated the effect of the choice of cross-validation strategy, and the effect of the classifier algorithm used on the
classification results that can be obtained. The corresponding results are reported in Appendix A.

3. Results
We present the overall accuracies of the within- and between-age RF models — both for the general model (using
data from all sensor positions) and the individual, single-sensor models — as evaluated using both the Leave-onesubject-out (L1SO) cross-validation strategy and validation with the real-life dataset, for the three scenarios given
in Table 3.

3.1. Results for within-age models
In Scenario 1-A, using L1SO cross-validation (with training data) and accelerometer data only, all models
generated with older adults’ data except the chest model performed worse than the models trained with younger
adults’ data (Figure 2). For example, the general model of older adults achieved 82% accuracy, whereas the general
model of younger adults came to 86% accuracy. In both within-age models, the general models outperformed the
individual models. Among the individual models, the knee position scored highest with 77% and 82% accuracy in
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the within-age model for older and younger adults, respectively. Both within-age models trained with semistructured data showed a significant weak classification transferability on the real-life dataset. However, the
within-young-age models achieved higher overall accuracy than the result obtained by the within-old-age model
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Figure 2. Overall accuracy for accelerometer-only models, a: within-old-age model, b: within-young-age model.

Adding GPS features to the accelerometer features improved the classification performance for both within-age
models validated by L1SO by up to 7% (Figure 3). However, similar to the accelerometer-based models, the
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classification performance decreased for all within-age models when tested on the real-life data (Figure 3).
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Figure 3. Overall accuracy for accelerometer & GPS-based models, a: within-old-age model, b: within-young-age model
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As Scenario 1 used data collected using the semi-structured protocol, which was the same protocol for both age
groups, we compared the classification performance metrics of a participant who obtained the highest GPS
contribution in Scenario 1-A, using L1SO cross-validation (with training data) for both age groups (Tables 5 & 6).
The classification metrics in both within-age models show that the activities non-level walking and walking
achieved the lowest rates when using accelerometer data only and L1SO validation (with training data), and adding
GPS features significantly improved the classification performance for these activities, particularly for the older
participant (Tables 5 & 6).

Table 5. Classification metrics of an older participant (with the highest GPS contribution) in Scenario 1-A
ACC-based model
Activity types
Lying
Non level-Walking
Running
Sitting
Standing
Walking

Precision Recall
100
64.73
90.70
100
100
100

F1

100
100
100 78.59
99.15 94.74
100
100
100
100
20.72 34.32

ACC+GPS-based model
Precision Recall
100
84.63
94.40
100
100
97.34

F1

100
100
98.53 91.06
100 97.12
100
100
100
100
72.91 83.37

Table 6. Classification metrics of the participant from the younger age group (with the highest GPS contribution) in Scenario
1-A
ACC-based model
Activity types
Lying
Non level-Walking
Running
Sitting
Standing
Walking

Precision Recall
100
88.01
99.12
99.12
100
51.76

99.13
59.24
99.12
100
100
84.43

F1
99.56
70.81
99.12
99.56
100
64.17

ACC+GPS-based model
Precision Recall
100
96.92
100
99.12
100
91.24

99.12
95.45
98.25
100
100
94.63

F1
99.56
96.18
99.12
99.56
100
92.90

In Scenario 2, we trained the classification models based on the combined data set of semi-structured and real-life
protocols. Similar to Scenario 1-A, using L1SO cross-validation (with training data) and accelerometer features
only, individual models trained with younger adults’ data achieved a higher accuracy, except for the right-hip
model that obtained the same results in both within-age models. Both age groups achieved the same classification
performance of 81% accuracy for their general models. Contrary to Scenario 1-B, where the performance
dramatically dropped with real-life data, this scenario (Scenario 2-B) showed a considerable classification
transferability on the real-life dataset for all models.

Adding GPS features to the accelerometer features improved the classification performance for all models
validated by L1SO of the training dataset (Scenario 2-A) up to 8% and 3% in the within-age model for older and
younger adults, respectively. This also resulted in stable classification performance with real-life data (Scenario
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2-B). Moreover, adding GPS features increased the classification performance by up to 4% for the older adults’
models using L1SO with real-life data (Scenario 2-B) compared to with training data (Scenario 2-A), whereas
conversely it reduced the classification accuracy up to 5% for the younger adults’ models.

In Scenario 3, where we used only the real-life data for training the classifier (Scenario 3-A), all models trained
with the data of older adults outperformed those trained with the data of the younger adults. Furthermore, GPS
features contributed to improving the within-old-age models by up to 8%, while this number was limited to 3%
for within-young-age models.

3.2. Results for between-age models

This section reports to what degree models trained on data of younger adults can be transferred to the data of older
adults (Table 4). In the Y-trained-btw-age model, we used the younger adults’ data for training and the older adults’
data for testing the classification model. In the Y&O-trained-btw-age model, we treated all data collected by older
and younger participants as a single data set, trained the classification models based on that, and then tested the
developed models on unseen data of older adults.

Using L1SO cross-validation (with training data) and accelerometer data only in Scenario 1-A, all Y&O-trainedbtw-age models using the combined training data performed better than the Y-trained-btw-age models, which used
young for training and older for testing (Figure 4). Adding older adults’ data to the younger adults’ data increased
the classification performance by 4% for the general model and by up to 8% for the individual Y&O-trained-btwage models. The knee models outperformed the other individual models with 76% and 81% overall accuracy for
the Y-trained-btw-age and Y&O-trained-btw-age models. Similar to the within-age models in Scenario 1-B, the
between-age models showed a high classification transition error on real-life data. Moreover, some individual
models scored higher in accuracy than the general models when tested on real-life data.
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Adding GPS features (Figure 5) contributed to improving the classification performance by up to 6% for individual
models and by 5% and 6%, respectively, for the general Y-trained-btw-age and Y&O-trained-btw-age models
validated by L1SO cross-validation of the training dataset (Figure 5; Scenario 1-A). However, the ACC+GPS
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In Scenario 2, using accelerometer data only (Figure 4), all models trained with combined data of both age groups
scored higher in accuracy than the models trained with younger adult’s data only. Using L1SO cross-validation
(with training data) and accelerometer data only (Scenario 2-A), as in Scenario 1-A, the knee models were the best
among the individual models. The general Y&O-trained-btw-age model with 80% accuracy obtained 10% more
transferability on older adults’ data than the general Y-trained-btw-age model. This transferability difference
between two general models increased to 16% with real-life data (Figure 4, Scenario 2-B).

ACC+GPS models (Figure 5) improved the classification performance for all models, using L1SO cross-validation
with training (Scenario 2-A) and real-life data (Scenario 2-B). However, adding GPS features to the accelerometer
features resulted in more stable classification performance for Y&O-trained-btw-age models than for the Ytrained-btw-age models when tested on real-life data (Scenario 2-B).

Similar to the first two scenarios, the between-age models with age-combined data performed better than the
between-age models with age-opposing data in Scenario 3, when trained and tested with real-life data only. Using
multi-sensor data increased the classification performance by up to 7% and 4% in the Y&O-trained-btw-age and
the Y-trained-btw-age models, respectively.

4. Discussion
The main aim of this study was to investigate the transferability of PATD models trained with younger adults’
data in detecting major daily living activity types of older adults representing postures (lying, sitting, standing)
and motion-related PA types (level walking, non-level walking, and running/jogging). Furthermore, we explored
various scenarios to evaluate the classification performance within and across the two age groups.

4.1. Within-age group PA type detection

Scenario 1: We built two within-age models in three different scenarios to compare the behavioral differences in
two distinct age groups. The results show that when the same study setting is used for data collection for both
groups, the younger adults’ models outperform the older adults’ models. Comparing the performance of the general
models of the two participants who achieved the highest GPS contribution in Scenario 1-A in their respective age
group, we found no confusion between motion and posture activities for both participants. Both general models
trained with or without GPS data detected the activities lying, sitting, and standing with a high f-score of above
99%, showing no posture classification difference between older and younger participants. However, significant
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misclassification existed between the activities level walking and non-level walking, especially in accelerometeronly models.

Moreover, we noted that there was confusion between running and level/non-level walking activities for older
adults who achieved low overall classification accuracy, which did not occur for the younger group. This is in line
with the observation of Wang et al. (37) that there are behavioral differences in motion activity performance
between older and younger adults, respectively. Moreover, it supports the results by Wang et al. that older adults
run slower than younger adults, which might be due to the consequences of aging, such as the reduction of muscle
strength, agility, and endurance. Therefore, their running activity performance may generate similar movement
data profiles to their walking behavior and mislead the classifiers. Adding GPS features showed a consistent
contribution in improving both the performance of within-age models, particularly by reducing the confusion
errors between level and non-level walking activities. However, adding GPS features to the accelerometer features
produced more generalization errors for younger adults when tested with the real-life dataset (Scenario 1-B)
because they performed the real-life protocol in different urban and leisure surroundings.

Scenario 2: Using the combined, accelerometer-only dataset for training the within-age models and L1SO crossvalidation with training data (Scenario 2-A), the general accelerometer-only models of both age groups achieved
the same overall accuracy. Adding GPS features, the older adults’ general model obtained 3% more accuracy than
the younger adults’ model. Besides, using L1SO cross-validation with real-life data (Scenario 2-B), the older
adults’ general model outperformed the younger adults’ model and was strongly transferable to the real-life dataset,
mainly when adding GPS features to the accelerometer features. Compared to the older adults’ real-life dataset,
there were more variations in the dataset for younger adults, explaining the overall decrease in accuracy in their
classification models, especially when validated by L1SO cross-validation with real-life data (Scenario 2-B). The
real-life environment used by older adults was limited to a particular area that was the same for all participants,
while the younger participants were allowed to choose their own real-life environment to perform their activities.
This contributed to increased variation in environmental factors such as surface types used for level walking or
steepness of slopes for non-level (uphill, downhill) walking, ultimately causing lower classification performance.

Compared to our previous study (32), we detected fewer activity types and achieved slightly lower classification
performance for the younger participants. This might be due to discarding the cycling activity, which resulted in
less training data. Moreover, the cycling activity was the most distinguishable activity type as it produces
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distinctive movement profiles in the accelerometer data and recognizable cyclic patterns, especially in the knee
sensor data (32).

Scenario 3: As another extension to our previous study, we added Scenario 3 to show that using only real-life data
could be sufficient to generate classification models with convincing results for predicting PA types collected in
the real-life environment of an unseen participant. The discussion of Scenario 2 mentioned the difference in reallife protocols for the two age groups, which explains why the classification models for older adults outperformed
those for younger adults also in Scenario 3. Similar to Scenario 2, adding GPS features provided a higher
contribution in improving the results for older adults since there was a lower number of missing values and noisy
data in their real-life GPS data compared to younger participants. This supports one of the conclusions in our
previous paper that the high performance of the developed PATD models can only be achieved when high-quality
GPS and map-matching data are available (32).

4.2. Between-age group PA type detection
To examine the extent to which our classification models can predict older adults’ daily PA types, we built and
tested two between-age models. In general, the Y-trained-btw-age models trained with data of younger adults only
were weakly transferable to the older adults’ data. Comparing the Y-trained-btw-age models with within-old-age
models, the developed Y-trained-btw-age models showed a dramatic decrease in Scenarios 2 and 3, mainly when
evaluated with L1SO cross-validation applied to the real-life dataset. However, they achieved lower transition
errors and higher transferability on older adults’ data in Scenario 1. Therefore, we conclude that the transition
errors arise both from the age-behavioral differences between the two age groups and the variations in the real-life
study settings.
Based on the results of Ermes et al. (38) and our previous paper (32), we realized that in order to improve the
transferability of classification models for a real-life dataset, labeled real-life data should be included in the training
data (Scenario 2). We applied the same logic to increase the transferability of our classification models to the data
of older adults. We developed the Y&O-trained-btw-age models by creating an integrated dataset of both younger
and older adults. The Y&O-trained-btw-age models showed the most consistent accuracy with within-old-age
models when evaluated by L1SO cross-validation of both training and real-life data in Scenario 1, followed by
Scenarios 3 and 2, respectively. We, therefore, conclude that the new models trained with combined datasets of
both age groups generate robust models with reproducible classification performance when applied to data of older
adults.
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4.3. Individual classification models

Among the individual classification models, the knee models were the best in most of the validation scenarios and
could achieve accuracy levels comparable to those of their corresponding general models. Even though there were
a few cases where the chest or hip models achieved the same or slightly higher accuracy than the knee model, the
number of occurrences in which the knee model outperformed other individual models was higher. Therefore, we
conclude that the knee model provides a minimal, non-intrusive device configuration with reliable activity type
recognition accuracy for both younger and older adults.

4.4. Limitations and future work

This study has some limitations that should be addressed in future research. A limitation of this work is the
selection bias of the MOASIS study (34), which focused on older adults with high physical capacity, and good
physical and cognitive health. Involving older adults with various functional levels, including those requiring
walking aids, should be considered in future research to capture more fully the heterogeneity of PA types and
patterns in the older population. Though we investigated the effects of various factors on activity recognition
models, assessing the influence of environmental factors such as weather is missing and requires a separate study.
Finally, adjusting the classification models to perform in real-time, which would be important in the context of
health-monitoring systems, is another challenge that should be addressed in future studies.

5. Conclusion
In this study, we assessed the influence of age in the performance and transferability of PATD models, which has
so far been understudied in the existing literature. Our results led to the following findings:


The performance of PATD models is satisfactory if staying within age groups and study settings.



While most studies on PATD used only samples of younger adults who performed PAs in controlled
conditions, we showed that the transferability of classification models using such datasets is actually
weak, particularly when applied in older adults and real-life settings.



The transferability of PATD models to real-life data considerably improves by creating a training dataset
with combined data of semi-structured and real-life settings.



Creating a training dataset with a mixture of younger and older participants improves the transferability
of PATD between-age models on older adults’ data significantly and brings it to the level seen in withinold-age group classification models.
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The ACC+GPS knee model provides the best single-device configuration for both age groups, supporting
a non-intrusive model for long-term real-life PA monitoring, particularly for older adults.

Overall, we believe that our work has delivered insights that should help others who are designing PATD studies,
in particular ones focusing on older adults and real-life settings, reducing the cost and time required for data
labeling and classification model development and training.
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Appendix A

Evaluating the effects of the validation strategy and the classifiers
In order to evaluate the effects of choices concerning the methods used for PA type classification, we further
evaluated

1) the effect of the choice of cross-validation strategy, and

2) the effect of the classifier algorithm used on the classification results that can be obtained.

To keep things short, we only report the results regarding a single type of models, that is, the best-performing
classification models: the general models applied within age groups.

Effect of cross-validation strategy

In addition to the L1SO evaluation reported in the main paper, we evaluated the general within-age random forest
(RF) classification models using two subject-based k-fold cross-validations. In our first subject-based 10-fold
cross-validation, the data of 90% of the subjects were used for training, and the remaining data of 10% of the
unseen subjects were used in turn for validation. The second subject-based 5-fold cross-validation used 80% - 20%
dataset splitting. That is, we used the data of 80% of the subjects for training and the data of 20% of the unseen
subjects for validation. This was repeated ten and five times for subject-based 10-fold and 5-fold cross-validations,
respectively, selecting different subjects for testing in each repetition.

We observed that L1SO has the best performance, followed by subject-based 10-fold (90%-10%), with slightly
different rates, and 5-fold (80%-20%) (Table A1). However, the models trained with the data of younger adults
showed less variation of the overall classification accuracy for all validation methods than those trained with older
adults’ data. The maximum difference between L1SO and k-fold cross-validation performance is 2 % for withinyoung-age models (e.g., in ACC+GPS, S1-real-life). In comparison, this range increased to 4% for within-old-age
models (e.g., in ACC+GPS, S1-real-life).
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Table A1. Overall classification performance of RF models based on different cross-validation techniques for general withinage models

Sensor type(s)

Accelerometer only

Semi-structured
data

Real-life data

Combined data

Real-life data

Real-life data

S3

Real-life data

S2

Real-life data

S1

Combined data

S3

Real-life data

S2

Semi-structured
data

S1

Crossvalidation

Scenario

ACC+GPS

General

L1SO

82

55

81

82

87

86

53

86

89

91

within-old-age

10-fold (90%-10%)

81

53

82

83

88

87

49

87

90

92

model

5-fold (80%-20%)

81

53

78

78

85

86

52

84

86

90

General

L1SO

86

64

81

76

78

90

61

83

79

80

within-young-age

10-fold (90%-10%)

86

64

80

76

80

90

59

83

79

82

model

5-fold (80%-20%)

86

63

81

76

78

88

61

82

78

80

The generally low variation of the overall classification accuracies indicates that the subject-based k-fold crossvalidation leads to realistic results. In our previous paper (1), we had discarded the use of traditional 10-fold crossvalidation, that is, dividing all the data corresponding to the given scenario into ten partitions regardless of the
subject or class they belong to. This cross-validation strategy led to artificially high classification performance
scores due to model overfitting. However, using the subject-based k-fold cross-validation, we did not allow data
from the same participant to appear in both the test and training set and thus prevented the classification models
from overfitting. Regarding the processing time, subject-based k-fold cross-validation was faster than L1SO.
Therefore, we recommend using subject-based k-fold (typically: 10-fold) cross-validation as a fair compromise
for PA type detection applications that focus on investigating inter-individual differences and require high
computational performance in model development. However, contrary to L1SO, subject-based k-fold crossvalidation is unable to provide detailed information about model performance at the individual level, as multiple
participants will occur per partition. For instance, if the number of participants is 30, while the number of partitions
is 10 in a subject-based 10-fold cross-validation, each partition will contain three participants, making it impossible
to resolve the model performance at the individual level. Hence, if the evaluation of intra-individual model
performance is of importance, L1SO cross-validation would still be the preferred strategy.

Gradient boosting versus Random forest classifiers

The two most popular ensemble methods are bagging and boosting (2). Therefore, in addition to using random
forests (RF), a bagging ensemble model, we tested another ensemble classifier, gradient boosting (GB), which
uses boosting as the method for building ensemble classification models. The boosting ensemble model
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sequentially trains individual models and learns from mistakes made by the previous model. We applied both
ensemble classifiers to the general within-age models. We used the ‘ranger’ and ‘xgboost’ packages in the R
statistical computing software for random forest and gradient boosting classifiers, respectively (3,4). Both
packages showed a significantly faster processing time than other comparable packages, such as ‘randomForest’
or other boosting packages in R.

We compared the performance of the two ensemble classifier algorithms in three scenarios, using L1SO crossvalidation with training data and real-life data (Table A2). The results show that both RF and GB classifiers
achieved almost the same overall accuracy for within-old-age models in each scenario, except for Scenario 1, using
L1SO with real-life data, where GB performed > 5% better than RF for both single and multi-sensor models.
Similar classification performance was seen for general within-young-age models. However, GB outperformed
RF only in Scenario 1, using L1SO with real-life data when trained with the younger adults’ accelerometer data.

Table A2. Overall classification performance using different ensemble classifier alrgorithms for general within-age models
Sensor type(s)

Accelerometer only

Real-life

L1SO

Real-life

L1SO

S3

L1SO

S2

L1SO

S1

Real-life

S3

L1SO

General
within-young-age
model

Random
forest
Gradient
boosting
Random
forest
Gradient
boosting

S2

Real-life

General
within-old-age
model

S1

L1SO

Classifier

Scenario

ACC+GPS

82

55

81

82

87

87

53

86

89

91

82

60

82

82

88

88

61

88

89

94

86

65

81

76

78

90

61

83

79

80

86

70

80

76

76

92

61

83

79

78

Testing the general RF models with GB supports the results by Lee and Kwan (5) that both classifiers achieve
similarly convincing PA type detection results. There were only few cases where GB outperformed RF. However,
GB has more hyperparameters to be tuned compared to RF, thus increasing the usage complexity. Moreover,
considering the processing time, GB was slower than RF. In conclusion, RF represents a very valuable choice of
classifier for the applications targeted in the type of study reported in this paper.
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Chapter

6
Synthesis

6. Synthesis
This chapter synthesizes the main findings of this thesis in Section 6.1 by revisiting and
discussing the overarching research questions introduced in Chapter 1, followed by general
conclusions and an outlook on potential future research directions in Section 6.2.

6.1 Main findings
RQ1: What are the underlying factors in real-life physical activity monitoring?
To address the first research question, Chapter 2 (Research Paper 1) conducted an in-depth,
systematic review of the relevant literature, providing insights into the critical conceptual and
methodological elements of real-life physical activity (PA) monitoring using accelerometer
data. Furthermore, this chapter built the foundation of this thesis. Its findings revealed the
challenges and research gaps of the existing study designs and data processing methods for reallife PA type detection (PATD). They led to the development of the research ideas pursued in
the subsequent papers.
As explained in Chapter 2, data collection, preprocessing, and classification can be viewed as
the three main steps and building blocks of the PATD process. Each step includes various
influencing factors that can affect the entire workflow of PATD using sensor-based real-life
data. In the following, the findings regarding these building blocks of PATD are discussed in
response to the three detailed research questions framed in Chapter 2.
Q1: What are the characteristics of commonly used data collection processes for PATD?
The elements corresponding to the ambulatory assessment specifications, including the device
and sensor type, number of sensors, sampling rate, sensor placement, and participants’
characteristics such as age and sample size, were investigated to address this research question.
The results showed that real-life PA monitoring entails utilizing a wearable device placed on a
human’s body (most frequently on the central part of the body, such as hips or waist), enabling
long-term and non-invasive data collection during daily life. Customized devices, specifically
ActiGraph, and smartphones, were identified as the most commonly used devices in the existing
literature. Although ActiGraph has a long-lasting battery suitable for real-life PA monitoring,
it imposes a multiple-device configuration when an additional sensor such as GPS is required.
In contrast, smartphones feature multi-sensor configuration, including GPS and accelerometer
sensors, embedded in a single device. However, users’ high frequency of interaction with their
smartphones might cause data quality issues for such battery-limited devices.
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Regarding the sensor specifications, a three-dimensional accelerometer sensor capable of
recording data at minimally 20 Hz has been identified as a basic requisite for PA type
measurements. However, the sensor specifications and configuration can be adapted to the
research objective, and to the number and types of PAs aimed to be detected. For example, if
contextual information about the location of PA is desired, adding a GPS sensor is inevitable
because an accelerometer lacks providing spatial positioning. Besides, at least two 3D
accelerometers (thigh and hip) are needed to accurately distinguish between the activities sitting
and standing. Generally, increasing the number of accelerometers on different body locations,
integrating the accelerometer sensor with additional sensors, or applying a higher sampling rate
(e.g., 50 Hz) leads to generating more information and the ability to detect more fine-grained
PA types. However, the ideal practice for real-life PA experiments suggests a sensor
configuration, which improves user compliance while providing optimal data for researchers.
The results of Chapter 2 showed that among additional sensors used to complement the
accelerometer-based PA type measures, only two studies used the GPS sensor (Nguyen et al.,
2013; Troped et al., 2008), despite the high potential that GPS could have in improving PA
monitoring in real-life settings. Moreover, none of these studies used an integrated GPSaccelerometer unit and therefore imposed a multiple-device configuration on participants.
Furthermore, to the best of my knowledge, the GPS contribution to minimizing the device
configuration has never been explored.
Therefore, to meet the ambulatory assessment requirements for the real-life PA measurement
and fill the research gaps mentioned above, a custom-built device (uTrail) was employed in this
study, featuring a battery life of up to 20 hours and an integrated GPS–accelerometer unit
enabling the accelerometer sampling frequency of 50 Hz. Furthermore, to examine the role of
GPS inclusion in improving the PA models while minimizing the sensor configuration, five
sensor placement (hips, pocket, chest, and knee) that have been shown to be beneficial for
detecting daily PA types were evaluated.
Unlike the laboratory setting, people’s activity behavior cannot be controlled in a real-life
setting. Besides, the age-related physical characteristics of individuals can profoundly influence
their activity performance. According to the results obtained in Chapter 2, a sample size of
above 30 participants from different age groups is recommended to sufficiently capture the
individual’s dissimilarities in activity performance under real-life conditions. A larger sample
size can improve the developed model’s generalizability on people with different physical
characteristics and age groups and foster more confidence in the PA classification results.
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Therefore, in my study design (see Chapter 3), 63 participants from two age groups (33 younger
and 30 older adults) were recruited for PA reference data collection, a significantly larger and
more diverse sample than used in comparable studies.
Q2: What are the existing preprocessing methods used in real-life PATD with respect to
segmentation, as well as feature extraction and selection?
Compared to data collected under supervision, real-life data include more inconsistency, errors,
and missing values. Pre-processing is an essential preliminary step for resolving such issues to
bring the raw data into an understandable shape for the classification.
Regarding the segmentation, the overlapping windowing technique has been more practical for
real-life data than other methods such as activity-based or non-overlapping windowing, owing
to its interpretability, simplicity, and ability to reduce the information loss at the edges of the
moving window. However, the window size is a controversial component of this method as it
determines the number of input features extracted for the classifier and thus significantly affects
the classification performance. Different window sizes have been investigated, ranging from
2 s (Shoaib et al., 2014; Skotte et al., 2014; Van Hees et al., 2013) to 1 min (Nguyen et al.,
2013). Nonetheless, there is no definitive agreement on the adequate size for segmenting the
data stream. Therefore, in my practical data analysis (see Chapter 4), I applied different window
sizes of 2, 5, 10, 20, 30, and 60 s to evaluate the impact of window size on the developed PATD
models’ performance. The results showed that different window sizes change the random forest
(RF) models’ overall performance to a slight extent (1% to 3%). This led to the conclusion that
my models were stable and robust to changes of the window size.
A broad range of features from the time and frequency domains has been introduced in the
literature with respect to the accelerometer sensor placement, sensor type, and the target PA
types (Spinsante et al., 2016). The results from my data analysis (see Chapter 4) showed that
the following accelerometer features obtained the highest importance among all models
(regardless of sensor placement) for detecting daily PAs (sitting, standing, lying, walking, nonlevel walking, running, and cycling): Mean acceleration of the vertical, mediolateral, and
anteroposterior axes; the energy of acceleration along the vertical and mediolateral axes; the
standard deviation of the vertical axis; and the average absolute difference, standard deviation,
energy, power spectral density, and amplitude of the first dominant frequency of total
acceleration.
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About fifty percent of the top-ranked features mentioned above belong to the vector magnitude
(total acceleration) calculated by the vector sum of the three axes (see Section 1.7, Chapter 1).
The vector magnitude is an orientation-independent variable, that is, flipping or rotating the
device, which happens quite frequently during real-life data collection, affects neither the
magnitude of this variable nor the features extracted from it. In contrast, the features calculated
based on data from each of the three axes individually are largely dependent on the senor
orientation and placement. Among the three axes, the vertical axis carries much useful
information regarding the type or intensity of PA. For example, similar to the standard deviation
(SD) of vector magnitude, the vertical axis SD is an informative feature for detecting different
motion activities that vary in types and intensities, such as walking and running. It is also a
discriminative indicator of posture versus motion activities.
The feature selection helps find the most informative features and reduces the computational
cost of the classification process. Principle component analysis and clustering are the two
standard methods introduced for feature selection. This thesis used the random forest algorithm,
which performs feature selection throughout the classification process. Therefore, the feature
selection step could be disregarded in my study.
Q3: What methods are used for physical activity type detection, and what are their strengths
and weaknesses?
A wide range of classifiers, from simple threshold-based to advanced machine learning
algorithms, has been applied for PATD in the literature. My results showed that in addition to
the classifier used for PATD, factors such as the number and type of target activities,
characteristics of the training data such as the amount of data, data quality, and study setting
used for data collection influence the overall classification performance. According to my
results, the decision tree is the most common classifier for PATD that can balance the trade-off
between PA classification performance and other important characteristics for real-world
applications, such as interpretability and computational complexity. On the other hand, the
meta- or ensemble classifiers showed more promising results compared to individual classifiers.
Therefore, in my experiments, I used decision-tree based ensemble classifiers, that is, random
forest and gradient boosting.
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RQ2: How does using multi-sensor data enhance the prediction performance of detecting
daily physical activity types?
The results of the literature study of Chapter 2 (Research paper 1) indicated that using a single
3D accelerometer is not sufficient to distinguish all the daily PA types reliably. Adding several
accelerometers on different body locations or utilizing additional sensors (Adaskevicius, 2014;
Barshan and Yuksek, 2014; El Achkar et al., 2016; Skotte et al., 2014) such as gyroscope and
magnetometer are the well-investigated solutions proposed to address this challenge. Although
employing these solutions allows detecting PA types more accurately, it would impose more
burden on the participants and more complexity in the data analysis. Besides, it still lacks
providing contextual information about the locations where the PAs are undertaken. The GPS
sensor has been utilized extensively as a powerful tool in providing the locational data for
linking the objectively measured PA to the spatial environment. However, less attention was
given in the literature to exploiting GPS data for informing PATD classifiers.
Therefore, in response to the second research question, the Research papers 3 and 4 (Chapters
4 and 5), respectively, investigated the extent to which adding GPS data could contribute to
improving the accelerometer-based models in detecting major posture and motion activity types
(sitting, standing, lying, level walking, non-level walking, running/jogging and cycling). The
models were examined within in-depth, realistic evaluation scenarios using reference PA
datasets introduced in Chapter 3.
In Chapter 4, the contribution of adding GPS data was investigated when PATD models were
trained and tested using younger adults’ data collected in different study settings (semistructured and real-life), with different sensor positions (chest, left hip, right hip, knee, and
pocket). Moreover, the transferability of the developed models on real-life data was assessed.
Additionally, in Chapter 5, the role of GPS data was examined when models were built based
on data collected from two different age groups, which will be discussed in response to RQ3.
The results of Chapter 4 showed that the general accelerometer-based and ACC+GPS-based
models trained with semi-structured data that obtained 87% and 91% overall accuracy using
L1SO cross-validation (with training data) dropped to 75% and 73% when tested on real-life
data. Therefore, models trained with semi-controlled data were found to be weakly transferable
to data collected in an uncontrolled environment, particularly when adding GPS data. A
possible explanation for this failure is the impact of different environments on real-life data.
Besides, due to data integration, the measurements and the classification performances were
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influenced by errors and uncertainties arising from disparate sources, which are discussed in
the following paragraphs.
Data synchronization
As discussed in Appendix C of Chapter 4, accurate synchronization of data streams stemming
from different sensors is imperative in multi-sensor configurations such as the ones used in
Chapters 4 and 5 (Research papers 3 and 4), with five sensors placed in five different body
locations. As pointed out in the same appendix, accurate synchronization requires accurate,
coordinated time information. If that is missing or distorted, as was sometimes the case in the
particular design of the uTrail devices used in this research, which relies on the GPS clock for
its time information, and thus loses the accurate time when the GPS signal is lost, additional
external information is needed. As was shown in this work, a sudden, coordinated movement,
such as jumps before and after each PA task, can help aligning the data streams of multiple
individual sensors, and thus accurately identify and label the individual PA tasks, even in the
absence of accurate time stamps. In conclusion of this point, I make two recommendations:
First, to use devices with an independent, accurate clock; and second, to include sudden, easily
recognizable movements, such as jumps, in the instructions of the data collection procedure.
GPS and accelerometer sensor combination
GPS and accelerometer sensors intuitively belong together and can provide complete
information about human mobility. Each sensor provides information about different scales of
movement. An accelerometer is designed to measure the micro-scale of human movement. At
the same time, the GPS sensor has the capability of measuring the macro-scale of human
movement and contributes to enriching the contextual information of the accelerometer-based
measures (Allahbakhshi and Weibel, 2017). Therefore, the sensors record data at different
sampling frequencies. In this study, the accelerometer and GPS data were recorded at the
granularity of milliseconds and seconds, respectively. To combine the GPS and accelerometer
data, they had to be time-matched together. I matched the GPS timestamps with the first and
last timestamps of accelerometer segments rounded down to the nearest second to combine the
GPS data with the accelerometer data.
Integration of GPS and spatial data
The ‘elevation difference’ feature was derived by integrating three data sources, including GPS,
OpenStreetMap (OSM), and digital elevation model (DEM) sequentially. First, the GPS
missing values were filled using the linear interpolation approach when there were data gaps
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greater than one second between consecutive GPS fixes. The interpolated GPS points were
map-matched using OSM road data (OpenStreetMap contributors, 2019) and R package
maptools (Bivand, 2020). Finally, the map-matched GPS coordinates were used to extract an
elevation value from a high-resolution DEM (2 m spatial resolution) for each GPS point.
However, spatial inaccuracies and incompleteness of the input data sources, in particular in the
map-matching step, might have resulted in a wrong elevation difference value and thus harmed
the classification performance.
The horizontal positional accuracy of the GPS data recorded by the GPS sensor embedded in
the uTrail device has been reported within 2.5 meters. However, during the data collection,
especially in a real-life environment, various causes such as signal obstruction and multi-path
effects could affect GPS data and degrade its positioning accuracy to 5 or even 10 meters. In
addition to these causes, there could also be a complete loss of GPS signal. As explained above,
I used linear interpolation to provide estimated spatial coordinates corresponding to each
missing GPS value. However, for larger data gaps, that may even increase spatial inaccuracy.
To improve the GPS horizontal positional accuracy and keep the spatial error of actual and
estimated GPS coordinates to the minimum, I map-matched the interpolated GPS data to the
OSM road data. The accuracy of OSM road data has been reported to be in the range of 2 to 10
meters (Jankowska et al., 2015). However, it could also be influenced by errors arising from
multiple sources because the road data resulted from integrating crowdsourced GPS traces
collected by different users who applied different methods for recording GPS data.
Furthermore, certain links of the road and trail network might be missing completely, causing
large horizontal shifts of GPS points in the map-matching process.
To calculate the elevation difference feature, only the elevation differences of two adjacent
points were relevant. However, suppose one of the adjacent points fell 2.5 to 10 meters away
from the actual location and was assigned to a street segment which did not have the same
inclination of the other adjacent point (due to the spatial inaccuracy of GPS or OSM data). In
that case, a wrong elevation difference value was calculated.
Furthermore, the horizontal resolution of a DEM can also lead to deriving an incorrect elevation
value. Although I have used a very accurate DEM with a horizontal resolution of 2 meters, the
elevation extracted from a DEM can also suffer from inaccuracy as the areas where no ground
elevation could be measured, such as a bridge, are interpolated. This leads to deriving a wrong
elevation value when transferring the DEM elevation to a GPS track point.
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Transferability to real-life data
To improve the transferability of the models trained on semi-structured data to a real-life
dataset, I generalized the semi-structured training data by adding data from the real-life
protocol. In other words, I merged the dataset of both semi-structured and real-life protocols
into one single dataset and used the combined dataset to train the PA type classification models.
Compared to models trained with semi-structured data only, the transferability of the models
trained with combined datasets increased significantly. This supports the results by Ermes et
al., 2008 that in order to build a model that performs reliably on a real-life dataset, it is necessary
to include labeled real-life data in the training data (Ermes et al., 2008).
Minimizing the sensor configuration
I investigated whether GPS data informs PATD models such that their inclusion eliminates or
minimizes the need for multiple accelerometers positioned at different body locations needed
to detect daily PA types accurately. Less devices would, for instance, improve the participants’
compliance in real-life, uncontrolled settings. In general, adding GPS features contributed to
improving the classification performance of all five individual models, each trained on data
from a single sensor position. The GPS average speed could further improve the differentiation
between posture and motion activities. Besides, adding GPS data helped determine the elevation
changes (Nguyen et al., 2013) and discriminate between the PA types performed at different
inclinations, such as level walking and non-level walking.
The individual models underperformed the general models, where data from all sensor positions
are used. The possible reasons for the lower performance of individual models could be the
inability of a single sensor position in providing sufficient information for detecting all daily
PAs and the effects of signal noise and motion artifacts due to the non-rigid attachment of the
sensors to the body, masking the intended signal. I applied different measures to reduce or
eliminate these effects: for example, I asked participants to use tight clothing such as pants with
tight pockets (for the pocket/thigh position), placed sensors in locations affected minimally by
body motion (hip positions), and strapped the devices firmly to their body (chest and knee
positions). However, some cases possibly led to flipping or rotating the device during activity
performance, affecting the data quality and classification performance. For instance, some
participants had pants with big and loose pockets. Therefore, the material, tightness, size, shape,
and orientation of the pockets would vary. This also explains why the pocket model performed
worst compared to other individual models. Besides, despite having full control over device
placement during the semi-structured data collection, it happened that after some activities such
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as running, cycling, or jumping, the knee and chest-mounted devices were slightly flipped due
to the rapid leg or upper body movement. This might have caused more issues during real-life
activity performance, where participants’ poor control of the device placement could result in
unpredictable extraneous motion data and data quality issues.
Among the individual models, the knee-positioned model using integrated GPS-accelerometer
data provided the highest classification accuracy, and obtained an accuracy level comparable
to the general model. This result suggests that participant burden might be reduced as the
number of sensor devices can be minimized to one device for PATD. This is possibly because
the knee position can better measure the periodic leg motion and capture the signal
characteristics representing the cyclic nature of certain types of motion activities such as cycling
and running.
RQ3: To what extent are the PATD models transferable to the older adults’ data?
In response to RQ3, I explored the influence of age on the performance of PATD models in
Chapter 5. I implemented two classes of models (within-age and between-age), each trying to
classify six physical activities (sitting, standing, and lying, walking, non-level walking,
running/jogging) within different positions (chest, left hip, right hip, knee, and pocket) and
datasets (semi-structured, semi-structured + real-life/combined, and real-life).
The results from the within-age models showed that, as expected, the younger adults’ models
were superior to the older adults’ models when using data collected in the same environment,
that is, semi-structured data. Higher misclassifications occurred on within-old-age motion
activities such as running and walking/non-level walking, explained by the difference between
older and younger people’s activity performance. This is also within the expectation that older
adults might perform some activities such as running more slowly than young people do,
leading to generate similar movement data profiles to their walking behavior, thus causing
misclassification.
Adding real-life data to the semi-structured data, the general within-old-age model showed
comparable accuracy with that of the young participants and even performed better when
adding GPS data. It was not surprising that the within-old-age model trained with real-life data
achieved higher accuracy than their counterpart within-young-age models. These within-oldage models performed similarly or even better than those of the within-young-age models,
possibly due to the reduced variation existing in their real-life data, resulting in better GPS and
OSM data quality and more accurate GPS features.
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As explained in Chapter 1, the PATD models are usually trained and evaluated on young
people. Therefore, the classification performances reported in the literature might not pertain to
new subjects from another age group, such as older adults. To assess my PATD models’
transferability on older adults’ data, I built two between-age models, one trained using the
younger adults’ data only and another one based on the combined dataset of both younger and
older adults. In general, the models trained with integrated data of both age groups showed
encouraging results and a high transferability on older adults’ data compared to models trained
with younger adults’ data only. This finding shows that my PATD model is robust in that it
achieves encouraging prediction accuracy on unobserved subjects with a considerable age
difference. This suggests that in order to obtain an activity-recognition classifier applicable to
the older age group, it must also be trained with annotated data of older adults.
The results of Chapter 5 confirm the findings obtained in Chapter 4 regarding the contribution
of GPS in improving the accelerometer-based PATD models, transferability of models on a
real-life dataset, and the minimal sensor configuration. Adding GPS data contributed to
improving models that incorporated older adults’ data, mainly when using data collected in the
real-life environment. This is because I simplified the real-life protocol for the older group to
avoid putting too much burden on participants. For instance, the young participants selfannotated their real-life data, whereas the data of older adults were labeled by an observer,
which possibly led to higher accuracy. Furthermore, the younger adults performed the real-life
protocol as part of their daily life and collected data in different geographical regions, while the
older adults performed the real-life activity tasks in a predefined area. Therefore, there were
more variations in the younger adults’ real-life dataset and, conversely, higher GPS and spatial
data quality for older adults.

6.2 General conclusions
6.2.1 Main contributions
People’s lifestyle in large parts of the world has increasingly shifted to sedentary due to aging,
urbanization, digitalization, and changing transportation patterns. A sedentary lifestyle can
cause dramatic financial and health problems for society. According to the “Global action plan
on physical activity 2018-2030: more active people for a healthier world” (WHO, 2019),
improving people’s knowledge of the advantages of PA and the disadvantages of a sedentary
lifestyle can help reduce the percentage of global physical inactivity and create a healthier
world. This action requires recognizing people’s movement behavior at different spatio-
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temporal scales, thereby providing recommendations on their daily PA. However, before being
able to investigate human movement behavior, it is imperative to detect the driving force of
such behavior reliably, that is, the physical activity type, which is where this thesis sought to
contribute.
The outcomes of this thesis provided insights that can further assist future studies concerning
PA type detection methods and their application in a growing number of application domains,
including location-based services, sports medicine, healthy aging, sustainable transport, smart
homes, and pervasive health-care systems. For example, the proposed PATD models can create
the basis for providing context-aware individualized movement profiles. Such individualized
profiles would greatly benefit health and social science research aiming to apply mobile
technology to assess human behavior and activities in real-life environments unobtrusively.
They will also allow providing feedback at the individual and group level. Besides, the PATD
models developed in this project can be beneficial for providing broadly applicable detailed PA
guidelines to increase the amount of human PA during their daily lives and contribute to the
World Health Organization’s “Global action plan on physical activity 2018-2030: more active
people for a healthier world” agenda.
This thesis made a series of contributions to extending the knowledge on the conceptual and
methodological factors that underlie the objective sensor-based assessment of the PA type,
which represents the micro-scale of human movement.
I conducted a comprehensive systematic review of the post-1990 literature in PATD using
objective real-life data, which did not exist so far to the best of my knowledge. My review
provided an updated synthesis of the key influencing factors in the three main steps of the PATD
process, namely, data collection, preprocessing, and data analysis. The outcome of my study
elaborated on the methodological issues of PATD. It provided insight and recommendations
for best practices to help researchers select appropriate study designs and data processing
methods when conducting a study using sensor-based PA type detection methods. Besides, it
highlighted the gaps in the existing related literature and brought about novel ideas for future
studies.
I developed a study design for PA reference data collection, considering the gaps in the
existing study designs. The strengths of the collected dataset include that it consists of both a
semi-structured and real-life protocol and that it has involved both healthy younger and older
adults as participants with a wide age range from 22 to 80. Furthermore, this study has produced
the most detailed dataset of both accelerometer and GPS sensor data for PATD to date collected
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from five wearable sensor devices mounted on different body locations (chest, left and right
hips, left pocket, and knee), and includes seven major posture (sitting, standing, and lying) and
motion (walking, non-level walking, running/jogging, and cycling) activities of daily life.
Collecting this dataset for this thesis, I contributed to the body of literature on human movement
analysis. I provided a reference dataset representing a total amount of about 276 h of labeled
data corresponding to an average of 161 h and 115 h of labeled data for younger and older age
groups, respectively. This reference dataset is suitable for validating existing human PA
prediction systems and developing new PA detection algorithms. Moreover, the developed
dataset could be beneficial in various other application domains such as the built environment
and urban planning, sustainable mobility, and health geography.
I developed PATD models using a supervised machine learning approach that can detect
common daily PA types accurately. To the best of my knowledge, among the few studies that
have utilized GPS data to inform PATD models, speed has been the most common feature. No
study has further exploited GPS spatial coordinates to discriminate between different PA types,
particularly those that generate similar speed and acceleration data profiles, such as non-level
and level walking. In this study, for the first time, in addition to GPS average speed, I extracted
the informative feature ‘elevation difference’ by linking GPS coordinates to GIS data, i.e.,
DEM, and showed that adding GPS features improves the performance of accelerometer-based
PATD models. Furthermore, I indicated that adding GPS data contributes to minimizing the
multi-device configuration needed to distinguish motion PA types accurately. For example, I
showed that the knee models achieve a classification performance comparable to general, multisensor models and provide the minimal device configuration with reliable overall accuracy for
detecting motion PA types.
I examined my PATD models’ external validity, that is, their ability to maintain accuracy
when applied to study settings and age groups different from those on which the classification
models were originally developed. The results obtained from the classification models were
accurate and transferable to real-life settings and the older population. My transferable models
help reduce the effort to capture labeled data as they allow for re-utilizing knowledge from
previous studies.
I assessed different methods to evaluate my classification results, including leave-one-subject
out (L1SO) cross-validation, the traditional 10-fold cross-validation, and subject-based crossvalidation. The results showed that both L1SO and subject-based methods lead to realistic
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results, while traditional 10-fold cross-validation generates artificially high classification
performance.
In general, unlike previous studies that have evaluated PA predictive models in some specific
scenarios, I defined different stringent evaluation scenarios in order to comprehensively cover
the most commonly used scenarios in the previous studies, thereby increasing confidence in my
results and reliability of my models.
6.2.2 Insights
My research extended the knowledge on the conceptual and methodological factors that
underlie objective mobile sensing measurements of PA, which led to the following insights:

Insights concerning the systematic literature review (Research paper 1)


Regarding mobility-related PA, there are two broad and crucial PA classes, posture and
motion. The most typical PA types investigated were sitting, standing, and lying from
the posture PA class and walking, non-level walking, running, and cycling from the
motion PA class. These two PA classes not only have different effects on human health,
particularly for older adults, but also directly impact the entire workflow of PATD,
including data collection, preprocessing, and PATD methods.



Existing sensor-based studies of PA type in real-life settings are rather incomparable
with each other, mainly due to significant variations in environmental and conceptual
factors under which the studies were conducted. Thus, there is an urgent need for
labeled, fully documented, and openly available reference datasets, including a common
evaluation framework.



Most of the existing studies that developed PATD models are based on data collected
in a controlled environment, i.e., laboratory performed from a limited number of
younger healthy adults and therefore lack ecological and external validity.



The extent to which the GPS sensor can improve the accelerometer-based PATD models
has been overlooked in the existing studies.

Insights concerning the experimental study design and data collection (Research paper 2)


Research paper 2 provided a study design for collecting a reference dataset consisting
of two parts, a semi-structured and a real-life protocol. While the semi-structured
protocol can strike a balance between the internal and external validity, the real-life
protocol allows maximizing the ecological validity of measuring PA types.
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My experimental study has produced the most detailed dataset of both accelerometer
and GPS sensor data for PATD to date, allowing further exploitation of GPS data for
informing PATD models.



The collected PA reference data can provide a valuable dataset for future validation and
comparison studies concerning using different study designs/age groups and applying
different classifiers for PA type classification, particularly in real-life scenarios.

Insights concerning the experimental studies (Research papers 3 & 4)


Sensitivity analysis on different window sizes (2, 5, 10, 20, 30, and 60 s) determined
that there are only slight changes ranging from 1% to 3% for the PATD models’
performance when using different window sizes. This demonstrates that my
classification models are stable and robust to changes of the window size, which is
useful when collecting data at low sampling rates (60 s) with storage and battery limited
devices (such as smartphones).



About fifty percent of the top-ranked features that informed the random forest PA
classification models belong to the vector magnitude (total acceleration), an orientationindependent variable. These features are informative for developing PATD models in
studies aiming to avoid restrictions on sensor placement.



Adding GPS features (speed and elevation difference) to accelerometer data improves
PA classification performance, particularly for detecting activities that generate similar
movement data profiles, such as non-level and level walking. However, the high
performance of the developed ACC+GPS PATD models can only be achieved when
high-quality GPS and OSM data are available.



In real-life experiments, well-designed data collection logistics must ensure that the
process places minimal burden on the participants while providing suitable data quality
for researchers. The ACC+GPS knee model provides the best single-device
configuration for both young and old age groups, supporting a non-intrusive model for
long-term real-life PA monitoring, particularly for older adults.



The performance of PATD models is satisfactory if staying within age groups and study
settings. The findings indicate that due to age-related behavioral differences, compared
to younger adults, there are more confusion errors between walking, non-level walking,
and running in older adults’ classification results.



The performance of PATD models is not satisfactory when transferred across the two
age groups and study settings. Creating a training dataset with a mixture of younger and
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older participants considerably improves the transferability of PATD between-age
group models when tested on data of older adults. Moreover, creating a training dataset
with combined data of semi-structured and real-life settings significantly enhances the
transferability of PATD models to real-life data.


Both L1SO and subject-based methods lead to realistic performance assessment of the
classification results for PATD models, while traditional 10-fold cross-validation
generates artificially high classification performance. However, if the evaluation of
intra-individual model performance is of importance, L1SO cross-validation would still
be the preferred strategy.



RF represents a very valuable classifier choice for the studies targeting PATD, mainly
when older adults and real-life settings are the focus.



My transferable PATD models are beneficial for future PA studies, in particular ones
focusing on older adults and real-life settings, by reducing the cost and time required
for data labeling and classification model development and training.

6.2.3 Future directions and outlook
The GPS-based models are limited to detecting PAs performed exclusively in outdoor
environments, due to GPS signal reception limitations in indoor environments. I recommend
incorporating more complementary sensor data to provide features such as elevation difference
and speed in indoor environments or areas where the GPS data is absent. For example, a
barometer (El Achkar et al., 2016) would be informative to detect elevation changes, or a
gyroscope helps estimate speed, as does the accelerometer (Smaiah et al., 2018).
A common challenge of GPS-based studies lies in preprocessing the GPS data. Different factors
can affect GPS data quality, such as signal blockage or loss due to high buildings, trees,
underground, or indoor use by degrading its positional accuracy. I also encountered GPS data
quality issues in this study. I applied linear interpolation, and point-to-curve map matching
approaches to deal with GPS missing values and positioning inaccuracy. Other, more
sophisticated missing data imputation and preprocessing methods might further improve the
GPS data quality and advance the PA classification performance.
The choice of body locations was motivated by the potential for PATD model development
from common wearable device attachment locations (Barshan and Yuksek, 2014; El Achkar et
al., 2016; Liao et al., 2015; Skotte et al., 2014), where accurate detection of main daily PA types
was the focus. Other sensor placements such as on arms, wrist, and ankle may be investigated
in later studies.
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I detected major simple posture and motion PA types that would frequently occur in a real-life
setting and did not aim to detect transitions, complex activities, or other sub-types of posture or
motion activities. Future studies could incorporate other PA types and transitions to achieve a
more comprehensive model regarding the diversity and complexity of activities.
Though I used domain knowledge to extract informative features in the development of my
PATD models, applying advanced features that can further improve the classification
performance could be considered in future exploration. The way the models are constructed
could also be changed: instead of using more traditional machine learning algorithms, advanced
machine learning models such as convolutional neural networks that extract features
automatically could be employed (Cruciani et al., 2020). The use of neural networks, however,
would require large amounts of labeled training data, substantially larger than the datasets
reported in the literature or collected in this work.
Weather and geographical locations are two major influencing environmental factors that affect
PA data quality and participants’ activity performance. Another possible extension to my
research could use GPS spatial coordinates to link the detected PA types to the location,
weather, and relevant spatial data, that is, environmental features in a GIS environment. Thus,
the extent to which the context/environment plays a role in the human movement behavior at
the micro-level could be examined.
My proposed PATD models successfully detected discrete bouts of outdoor PA types.
However, the models’ ability in detecting continuous measurements of individuals’ everyday
PA types that occur over an extended period of time has not been investigated due to lack of
time and could be examined in future work. An excellent example of such continuous PA
measurements is the data collected in the MOASIS study (Mobility, Activity and Social
Interactions Study; 2017–2018, Switzerland), where GPS and accelerometer data of 153 adults
aged 65+ were collected using the uTrail device over four weeks during their daily life. My
developed reference PA dataset and PA classification models could be used in the longitudinal
studies of this dataset and contribute to individuals’ PA pattern recognition across different
spatio-temporal scales and potentially suggest intervention strategies for increasing the PA.
The focus of this study was on the group level comparing younger and older adults. However,
little is known about how much variability exists in real-life PA behavior between and within
individuals. Future studies could take into account the inter-/intra-individual perspective and
conduct an in-depth analysis of the relationship between the individualized profiles of PA
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patterns and certain variables such as personality traits, cognitive ability, stress, and social
interaction.
As a final suggestion for future work, I envision the study of this same domain but with an
online (real-time) learning approach, which could be beneficial for a growing number of
applications such as pervasive healthcare systems. The healthcare systems based on mobile
sensing data can provide the opportunity for real-time monitoring of older adults’ daily PAs as
well as their health status and therefore contribute to minimizing the need for caregivers and
improving healthy aging by maintaining the older adults’ independence and quality of life.
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