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ABSTRACT In our aging society, the elderly’s mobility has become critical for our collective prosperity. However, the elderly’s mobility is
limited in the current built environment due to various types of environmental barriers. Manual surveys have been conducted to detect such
environmental barriers, but they are discontinuous, invasive to the elderly’s daily lives, and labour-intensive. As such, these methods are not
ideal for wider adoption. To continuously, less-invasively, and less-laboriously detect the environmental barriers and advance the elderly’s
mobility, this study proposes a wearable-based collective sensing approach. This approach measures collective stress, the stress commonly
sensed from multiple people on a location, as an indicator of environmental barriers based on people’s physiological and location data collected
by wearable sensors. To test the feasibility of the proposed approach, a “collective stress metric” is suggested. Then, the values of the collective
stress metric on locations of the test site were calculated based on the physiological and location data collected from 10 elderly subjects’ daily
trips for 2 weeks. Then, every location on the test site was categorized into locations “with environmental barriers” and “without environmental
barriers” through site survey. Based on the collected data and results of site survey, the collective stress was statistically compared between
locations with environmental barriers and without barriers. The result showed that the collective stress was statistically higher on locations
with environmental barriers than without barriers. The results demonstrated that the collective stress has indication of environmental barriers,

therefore, the proposed approach is feasible to detect the elderly’s environmental barriers.

1. Introduction

As the rate of the elderly population (i.e., people over the age
of 65) is rapidly increasing, elderly individuals’ economic and
social engagement is critical for our societies’ collective
prosperity (Walker, 2002). Specifically, mobility, which is the
capability to independently access desired places (Metz, 2000),
is one fundamental factor of the elderly’s economic and social
engagement. For example, elderly individuals with impaired
mobility tend to engage less frequently in economic and social
activities such as shopping, visiting close people and
communities (Mollenkopf et al., 1997).

In spite of such importance, the elderly’s mobility remains
limited (Centers for Disease Control and Prevention, 2018;
Guralnik et al., 1993; Manton, 1988). One main reason for the
elderly’s mobility limitation is their stressful interactions with
the current built environment. Although the elderly’s physical
and cognitive capabilities are impaired by their aging process
(Lawton and Nahemow, 1973), the current built environment
has not recalibrated for the elderly’s impaired capabilities. In
the non-recalibrated built environment, there are various types
of environmental barriers. The environmental barrier is defined
as an element of environment that poses excessive demands
(e.g., physical, or cognitive demands) to its individual users
(Iwaksson and Isacsson, 1996), thereby limiting or preventing
them from fully participating in social, occupational, and

recreational activities (Preedy and Watson, 2010). For
example, designs for “average person” (e.g., stairs without
ramps) (King and Guralnik, 2010; Rantakokko et al., 2009;
Rockwood et al., 2004) and environmental defects (e.g.,
cracked sidewalks and broken stairs) (Bond, 1999) limit the
elderly’s mobility as the environmental barriers by inducing
stress (i.e., a state of mental tension resulting from the
excessive demands placed on an individual (Ursin and Eriksen,
2004)) in their daily trips. As a result, several indices of
mobility (e.g., trip frequency and trip distance) represent that
people’s mobility rapidly decreases as they are getting old
(Mattson, 2011). Also, the nationwide personal transportation
survey noted that the elderly’s mobility limitation is substantial
because of their stressful interactions with the environmental
barriers (Federal Highway Administration, 1995).

To detect such environmental barriers for the elderly’s
mobility, previous attempts have depended primarily on
manual surveys. For example, Lockett et al. (2005) and
Rosenberg et al. (2012) identified many different types of
environmental barriers that elderly pedestrians have stressful
interaction with through focus group interviews. World Health
Organization (2007) conducted large-scale interviews with 158
focus group from 33 cities around the world and revealed that
insufficient green spaces and places for rest, or fast change in
crossing lights can cause stress to the elderly in their trips as an
environmental barrier. Although these survey-based attempts
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successfully extended the understanding of the elderly’s
environmental barriers by identifying various types, these
attempts have several limitations that prevent wide practical
application. First, since the surveys are typically conducted in
a one-time and discontinuous manner, these attempts might
miss a substantial number of environmental barriers. For
example, various types of “time-dependent” environmental
barriers (i.e., environmental barriers that induce pedestrian’s
stress only in a certain time duration, such as a snowy sidewalk,
rain puddles, or risky interaction with automobiles) might not
be detected by the discontinuous surveys. Also, the surveys can
interfere with elderly individuals’ daily lives because the
surveys require their active participation (e.g., responses to
questionnaires or accompanying to site inspections). Lastly,
the survey should be conducted by trained surveyors, so it can
be labor-intensive to cover extensive area for a long period. To
overcome such limitations, there is an increased need for a
continuous, less-disruptive, and less-laborious method to
detect the elderly’s environmental barriers.

The recent advancements in wearable biosensing technologies
have shown a potential for better understanding the people-
environment interactions by continuously monitoring people’s
physiological signals while they interact with their
environment. Specifically, recent wearable biosensors that
measure people’s electrodermal activity (EDA) and
photoplethysmogram (PPG) can be used for measuring people’
stress in their daily lives. Several physiological activities such
as heart activity and sweat production are innervated by
people’s stress because the arousal of sympathetic nervous
system induced by people’s stress influences the physiological
activities (Cacioppo et al., 2007). With this potential, previous
research has applied wearable biosensors to predict people’s
stress caused by several types of stress stimuli such as emotions
(Chang et al., 2013), mental fatigue (Wijsman et al., 2011), and
cognitive workload (Setz et al., 2010)) that they can have in
their daily lives (e.g., office work, watching movies or driving).
In this sense, the wearable biosensors might also be able to
detect environmental barriers by continuously measuring
people’s stress occurring when they interact with the
environmental barriers as a stress stimulus.

However, there is a significant knowledge gap to achieve such
potential of the wearable biosensor for detection of
environmental barriers. Since the physiological data can
indicate the level of stress, not its cause, it is hard to distinguish
stress caused by the interaction with environmental barriers
from ones caused by the other diverse stress stimuli (e.g.,
emotion, mental fatigue, and cognitive workload). The
previous research into the prediction of stress caused by
specific stimuli was conducted under controlled experimental
settings, which prevent stimuli other than targeted one. In
contrast to the controlled experimental settings, it is impossible
to control stress stimuli in people’s daily lives, so that diverse
stimuli might affect people’s physiological data. Therefore, a
new method that identifies stress caused by environmental
barriers from ones by other stimuli is required to detect
environmental barriers using wearable biosensors.
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To fill this gap, the authors propose the collective sensing
(Yang et al., 2017). The collective sensing synthesizes a group
of people’s signals of interest with location data (e.g., global
positioning system (GPS) data) simultaneously to identify
locations on which abnormal patterns in the signal occur across
the multiple people (Kim et al., 2016; Yang et al., 2017). While
a person’s stress can be caused by various stimuli, collective
stress, which is defined in this study as stress commonly sensed
from multiple people on a specific location, can be indicative
of a locational stress-inducing factor on the location such as
environmental barriers. In this sense, by measuring collective
stress on each location using the collective sensing, it is
possible to identify locations of environmental barriers. This
study aims to test the feasibility of the wearable-based
collective sensing to detect the elderly’s environmental
barriers. Specifically, this study first measures collective stress
on each location using wearable sensing, signal processing, and
geographical information system (GIS) techniques. Then, the
feasibility of the proposed approach is examined by comparing
the measured collective stress between locations with
environmental barriers and without environmental barriers.

2. Collective Stress Measurement

Figure 1 describes the overall process of collective stress
measurement based on the proposed wearable-based collective
sensing approach. First, elderly individuals’ physiological and
location data are collected from their daily trips using a set of
wearable-type sensors (a in Figure 1). Then, individual stress
is measured by signal processing techniques such as filtering,
decomposition, and segmentation (b in Figure 1). By
aggregating multiple elderly people’s individual stress on their
collected location, collective stress on each location is
measured (c in Figure 1).

Figure 1 Collective Stress Measurement Process
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2.1 Data Collection

This study uses EDA as physiological data to measure
individuals’ stress. EDA is changes in electrical properties on
the human skin surface induced by eccrine sweat gland activity
(Boucsein, 2012). Since the eccrine sweat gland activity is
innervated by the arousal of the sympathetic nervous system,
which can be induced by stress, EDA can be used to measure
people’s stress level (Boucsein, 2012). EDA has been more
widely used to measure stress than other physiological data
such as PPG and electrocardiography (ECG). While EDA is
exclusively influenced by the sympathetic nervous system that
is related to stress, other physiological data are also innervated
by the parasympathetic nervous system that is related to relax.
As such, EDA can more reliably measure human stress (Setz
et al., 2010). To track elderly individuals’ location, GPS data
is simultaneously collected together with EDA.

2.2 Individual Stress Measure

As a first step of measuring individual stress from EDA,
filtering methods are applied to alleviate noises in EDA. EDA
collected by wearable-type sensors from daily trips that are
uncontrolled and ambulatory contexts may contain diverse
noises (i.e., changes in a signal that do not originate from the
signal source of interest (Boucsein, 2012)) because of the
recording environment and people’s physical activities
(Heikenfeld et al., 2018). Suppressing such noises is critical to
accurately measure stress because the noises can be
misinterpreted as reactivity to stress, thereby distorting stress
metrics (Sweeney et al., 2012). Two types of filters are applied
to alleviate noises in EDA: high-pass filter and moving average
filter. A high-pass filter with the cut of the frequency of 0.05
Hz can mitigate low-frequency noises resulting from variation
in temperature, humidity, and impedance of the EDA sensor’s
electrodes (Jebelli et al., 2018). The moving average filter is
used to mitigate high frequency noises in EDA (e.g., noises
caused by movement and electrical interference) (Bornoiu and
Grigore, 2013; Drachen et al., 2010).

To extract a metric that represents individuals’ stress levels
from the denoised EDA, the EDA is first decomposed into the
electrodermal level (EDL) and electrodermal response (EDR)
using the convex optimization method (Greco et al., 2016).
While EDL, the tonic component of EDA, reflects the baseline
drift of EDA, EDR, the phasic component of EDA,
immediately reflects the occurrence of acute stress caused by
specific stimuli (Boucsein, 2012). Therefore, the stress metric
is extracted based on EDR to immediately capture stress
caused by interaction with environmental barriers. Then, the
EDR is segmented into samples with 10 seconds length
window. The stress metric is extracted from the 10 seconds
window EDR samples to fully capture the EDR’s reactivity to
stress occurrence, which generally has a 10-second time span
(Singh et al., 2014). Standard deviation (SD) of EDR in the 10
seconds window is used as the individual stress metric. SD of
EDR has been widely used to measure human stress level
because the SD of EDR well represents the intensity of EDR’s
specific stress reactivity, thus having a significantly positive
correlation with the level of stress (Brighetti et al., 2014; Choi
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et al., 2012; Pappens et al., 2011). As a result, samples that
have the value of SD of EDR indicating individual stress levels
(the authors call as stress samples from now) are generated
from each individual’s EDA data.

2.3 Collective Stress Measure

To measure collective stress on each location, multiple elderly
individuals’ stress samples are first aggregated on their
collected locations using GIS. Since the raw GPS data is
recorded using world geodetic system 1984 (Decker, 1986), it
should be projected to conduct the geographical analysis. This
study uses NAD 1983 State Plan Michigan South (Michigan
Department of Natural Resources, 2005) as a projected
coordinate system. This projected coordinate system induces
the least distance distortion by projection for the south area in
Michigan state. The authors apply a custom grid system in
which each grid-cell is 10m by 10m considering the average
walking distance (i.e., 8.3 to 19.4 m) of the elderly people for
10 seconds (Bendall et al., 1989), which is the length of a stress
sample. Each stress sample is allocated on the grid-cell on
which there is the GPS location recorded at the start moment
of the stress sample.

As the collective stress metric, this study suggests the
frequency of high-stress samples. The frequency of each
location indicates how frequently people feel the high level of
stress while passing over the location, which is calculated by
Equation (1).

Number of
High Stress Samples

Frequency of on the Grid-cell

High Stress
On a Grid-cell

(1)
Total Number of

Stress Samples
on the Grid-cell

Since the elderly have a higher chance to become stressed in
locations with environmental barriers than locations without
barriers, the frequency on each grid-cell can be indicative of
the existence of environmental barriers on the grid-cell. For
calculating the frequency, it is required to categorize stress
samples into “high-stress’ and “low-stress.” The authors apply
the mixture model-based threshold estimation (Behrens et al.,
2004; Carreau and Bengio, 2009; Frigessi et al., 2002;
MacDonald et al., 2011). This method determines a threshold
that separates data into samples with normal values and
samples with abnormally high values, which indicate abnormal
cases related to specific stimuli. Since the acquired individuals’
stress samples were typically observed to be divided into two
parts (i.e., the samples with normal values and ones with
abnormally high values), the mixture model-based threshold
estimation can effectively categorize the stress samples. This
method determines the threshold based on the assumption that
the samples follow a mixture model containing two separate
distributions. Specifically, the former samples with normal
values follow a bulk distribution located on the low level and
the latter samples with abnormally high values follow the
general pareto distribution on the high level. With this
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assumption, the threshold is one of the parameters determining
the mixture model, so the threshold can be automatically
defined by maximizing the probability that the samples origin
from the mixture model. This study uses the kernel density
estimator (KDE) to describe the bulk distribution on low level
(MacDonald et al., 2011). The KDE is a kernel-based non-
parametric way to estimate probabilistic density function from
given data (Silverman, 2018). The KDE is more appropriate to
explain the stress samples than other parametric distributions
such as normal, gamma, and Weibull distributions because the
data does not follow such distributions and there is no
theoretical background that such parametric distributions well
explain the individual stress.

3. Feasibility Test

To test the feasibility of the wearable -based collective sensing
to detect the elderly’s environmental barriers, this study
examined whether the collective stress metric (i.e., frequency
of high-stress on a grid cell) derived by the collective sensing
has indication of environmental barriers or not. Then,
physiological and location data were collected from multiple
elderly subjects’ daily trips using wearable sensors. Also,
environmental barriers in the test site were identified through a
site survey to categorize grid-cells into with environmental
barriers and without. Based on the collected data, values of the
collective stress metric on grid-cells in the test site were
calculated. Lastly, the feasibility of the proposed method was
tested by statistically comparing the collective stress metrics
between grid-cells with environmental barriers and without
barriers.

3.1 Field Data Collection

The test site was a senior apartment (i.e., Clark East Tower
senior apartment located in Ypsilanti Township, Michigan,
US) and its surrounding areas. The author selected the senior
apartment for the data collection for gathering enough data to
apply collective sensing within period of data collection. Since
residents living there share lots of routes and destinations in
their daily trips, it was expected that sufficient data from
multiple elderly people would be acquired on the common
routes and destination areas within relatively short time. The
data collection protocol was approved by the University of
Michigan Institutional Review Board.

First, EDA and GPS data were collected from 10 elderly
subjects’ daily trips. Before the data collection, all the subjects
were informed about the anonymity of data collection and
subjects’ right through the informed consent form. Then, the

authors collected the subjects’ demographic information
(Table 1).

Table 1 Summary of Subjects’ Demographic Information

Statistics Age Height Weight Gender
Mean 67.4 164.7 86.7 Male 2
(SD) (1.5) (3.7) (15.6) Female 8
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All the subjects reported no serious problem with activities in
their daily trips such as walking and driving. The data was
collected for 2 weeks for a subject. The two off-the-shelf
wearable sensors (i.e., one wristband-type biosensor for EDA
data and one belt-clip-type GPS sensor) were used for this data
collection. A 30 minutes training session was provided to help
the subjects understand the use of the wearable sensors before
collecting the data. During the data collection, the authors
visited the subjects twice a week to maintain the sensors and
download data from the sensors’ storage.

After the collection of physiological and location data, the site
survey was conducted to identify environmental barriers in the
site. Since values of collective stress from multiple subjects are
compared to test feasibility, areas on which only one subject’s
data was located were excluded in this study. The authors first
created a list of the potential environmental barriers of elderly
people (e.g., lack of curb ramps, narrow or cracked sidewalks)
based on previous research (Lockett et al., 2005; Rosenberg et
al., 2012). The site survey was conducted based on the list. As
aresult, the authors identified six environmental barriers on the
test site (Figure 2). Barrier 1 was the curb without ramp, which
was located on the residence parking lots’ main route. Barriers
2 and 3 were vertical displacement over 1 cm on sidewalks. A
side-sloped sidewalk and obstructed sidewalk were detected as
Barriers 4 and 5. Lastly, barrier 6 was the unpaved sidewalk
locating between the apartment and the closest commercial
building.

Figure 2 Identified Environmental Barriers on the Test
Site

3.2 Statistical Comparison of Collective Stress

Based on the result of site survey, every grid-cell was divided
into “with environmental barrier” and “without environmental
barrier.” Among total 231 grid-cells in the test site (except for
the grid-cells with less than two subjects’ data), six grid-cells
are classified as “with environmental barriers” and other 225
grid-cell are classified as “without environmental barriers.”
Also, collective stress on every grid-cell in the test site were
calculated using multiple elderly subjects’ data collected from
their daily trips. Then, a statistical test is conducted to examine
difference in the collective stress between grid-cells with
environmental barriers and without environmental barriers.
Since the data has significant skewness (i.e., number of grid-
cells with environmental barrier is far less than that of grid-
cells without barriers) and the normal distribution could not be
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assumed for the grid-cells with environmental barriers due to
their small number, the Wilcoxon rank sum test for non-
parametric statistical comparison is used.

4. Results and Findings

As a result of data collection, 2,744 EDR samples were
collected in the test site. Specifically, 41 samples were located
on the grid-cells with the six environmental barriers and 2,703
samples were located on the other grid-cells without
environmental barriers. Table 2 shows the descriptive statistics
of the collective stress between two categories of gird-cells.
The result of Wilcoxon rank sum test indicated that the
collective stress metric (i.e., frequency of high-stress on a grid)
on the grid-cells with environmental barriers (Median = 0.500,
Mode = 0.500) are significantly higher than on the grid-cells
without environmental barriers (Median = 0.087, Mode =
0.000), z = 3.2446, p <0.01. This result demonstrates that the
collective stress metric has indication of environmental
barriers on the grid-cell. The finding of this study shows the
potential of the proposed wearable-based collective sensing
approach to distinguish the locations of environmental barriers
by spatially aggregating multiple elderly individuals’ EDA
data.

Table 2 Descriptive Statistics: Collective Stress between
Grid-cells with Barriers and without Barriers

Statistics Grid-cells Grid-cells

with Barriers without Barriers
Number 6 225
Mean (SD) 0.499 (0.277) 0.167 (0.240)
Median 0.500 0.077
Mode 0.500 0.000

In addition, the proposed approach could identify several time-
dependent barriers that the one-time site survey could not
detect. Figure 3 is the spatial density estimation of the
collective stress on the test site. Besides the six environmental
barriers, Areas 7 and 8 display high values of the collective
stress. Area 7 contains the driving way to which the main
entrance of the senior apartment is connected. Also, in the area,
there is a bus stop closest to the apartment. The authors found
that high stress samples in Area 7 were collected when the
elderly subjects interacted with automobiles such as crossing a
driving road or waiting and getting on and off the buses. Area
8 is just an unoccupied ground. Therefore, snow on the area
was not cleaned though the elderly subjects sometimes passed
over the area. The high stress samples on the area might be
caused by walking over the snowy ground. Since the current
discontinuous survey-based attempts might not be able to
detect such time-dependent barriers, this finding highlights the
advantage of the proposed wearable-based collective sensing.

Although this study shows the feasibility of the proposed
wearable-based collective sensing for detection of the elderly’s
environmental barriers, there are several limitations. First, the
number of stress samples located on the test site was small
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mainly due to limited number of subjects and period of the data
collection. If the authors gather more data from more subjects
for longer period, it would be possible to conduct more in-
depth analysis for understanding characteristics of
environmental barrier. For example, by comparing collective
stress between different barriers, on which barriers people feel
more stress can be understood. Also, this study did not consider
the impact of the elderly’s diverse characteristics such as their
physical functionality, gender, or assistive device use. Since
such characteristics can affect the elderly’s interactions with
environmental barriers, future research should incorporate the
elderly’s characteristics and investigate their impact on stress
and the performance of the proposed approach.

Figure 3 Collective Stress Distribution, (1)-(6)
Identified Barriers, (7)-(8) Areas of Time-Dependent
Barriers

5. Conclusion

This study proposes a wearable-based collective sensing
approach to detect the elderly’s environmental barriers for
advancing their mobility. To test the proposed approach,
collective stress on locations of the test site were measured
based on the data collected from 10 elderly subjects’ daily trips
for two weeks. Then, the measured collective stress was
statistically compared between locations with environmental
barriers and without environmental barriers. As a result, the
collective stress on locations with environmental barriers are
statistically higher, which implies that the high collective stress
is well associated with the existence of environmental barriers
on the location. This finding shows the feasibility of the
proposed wearable-based collective sensing approach for
detection of the elderly’s environmental barriers. The finding
also can contribute to the body of knowledge by providing the
direction to understand locational stress-inducing factors by
spatially aggregating multiple people’s physiological data.
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