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Abstract— Falling is one of the most common accidents with
potentially irreversible consequences, especially considering
special groups, such as the elderly or disabled. One approach to
solve this issue would be an early detection of the falling event.
Towards reaching the goal of early fall detection, we have
worked on distinguishing and monitoring some basic human
activities such as walking and running. Since we plan to
implement the system mostly for seniors and the disabled,
simplicity of the usage becomes very important.

We have successfully implemented an algorithm that would
not require the acceleration sensor to be fixed in a specific
position (the smart phone itself in our application), whereas
most of the previous research dictates the sensor to be fixed in a
certain direction. This algorithm reviews data from the
accelerometer to determine if a user has taken a step or not and
keeps track of the total amount of steps. After testing, the
algorithm was more accurate than a commercial pedometer in
terms of comparing outputs to the actual number of steps taken
by the user.

Index Terms— Activity
Detection, Mobile Applications.

classification, Android, Fall

I. INTRODUCTION

The world population is experiencing an enormous growth
and studies predict that the elderly population will make up
the majority of that population in the near future [1]. As the
health insurance costs for the elderly are significantly higher
than for younger generations, the increase of the number of
senior members of societies worldwide will have a negative
impact on any nation’s budget, unless preventive healthcare
systems are implemented [2]. Even though it might not be
possible to avoid some health problems due to aging, it is
quite possible to reduce the implications of predictable
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accidents, such as falling. Continuous monitoring of senior
citizens in their daily activities to prevent or alleviate the
impact of these types of events would only be feasible with
personal medical or home aides — an approach that is clearly
not practical. In turn, home accidents, in general, are one of
the most seen accidents, which primarily include falls [3].

Therefore, significant recent efforts were focused on
detecting a fall event or to classify a subject’s activities over
time. Most commonly, several 3-axis accelerometers are
used in different locations of the subject such as ear, chest,
arm, wrist, waist, knee, and ankle [4]. While gyroscopes can
also be used to detect fall events [5], accelerometers and
gyroscopes can be combined to gather more accurate data [6,
7].

It is obvious that the detection accuracy would
significantly be enhanced by using multiple physically
widespread sensors; however, it is impractical and
uncomfortable for subjects to wear many sensors on specific
locations.

We propose to use a mobile smart phone to detect a fall
event regardless of the phone’s position or orientation. Smart
phones include various sensors such as gyroscopes,
accelerometers, proximity sensors, see, e.g., [8-10], and have
become affordable and ubiquitous. User interfaces that are
incorporating assistive technologies make these devices
usable for all population groups. In turn, using mobile
applications for patient monitoring can alleviate some of the
cost-related issues and improve both a patient and a
caretaker’s quality of life.

In this paper, we present our initial work on a pedometer
mobile application component that is coupled with an e-mail
component that can be used to notify medical assistants or
family members. The developed algorithm counts the steps
and identifies the type of activity with a higher accuracy than
many of the applications that are commercially available.

The remainder of this paper is structured as follows. In
Section II, we describe the developed pedometer algorithm
and present performance results in Section III. We conclude
and describe future works in Section IV.
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II. ALGORITHM AND CODE

The main idea for the step detection in this work relies on
the detecting peaks in the data produced by the
accelerometer sensor. These points represent the highest
acceleration of data along the axes. In this study, walking is
assumed to be a cyclical pattern according to Kokshenev’s
research about human walking dynamics [11]. With the
common properties of a cyclical pattern, an algorithm can be
formed to analyze the data more accurately. Therefore, with
data representing a cyclical pattern, steps can be detected by
finding the peak points within a period.

The algorithm implemented within the application gathers
data from the accelerometer sensor that is built within smart
phones. Every piece of data is analyzed to ensure a thorough
analysis. The algorithm first establishes a control point equal
to the value of the first piece of data. This control point is
used as a variable to compare against to help determine
whether a step has occurred. After the control point is set, a
comparison is made between the first piece of data and the
next piece. If the two pieces of data are equal to each other,
the next piece of data is then compared. This process
continues until the next value of the current piece of data
does not equal the previous piece. Once the current value
does not equal the previous, a comparison between the two
values is made to determine whether the value resembles a
peak. If the current value is greater than the previous then the
control point is set to the current value. Then the algorithm
continues through the data. If it is less, then the current value
is compared against the control point to decide whether the
value is a peak or not. If the value is less than the control
point then continue through the data, otherwise compare the
value against the range to decide if the value represents
misleading data such as quick repetitious movements. The
range is calculated by gathering the average of all the data
thus far, and multiplying that by a correction factor, 1.15 in
this case. (We note that this represents widening the margin
for captured accelerometer activities by 15 percent.) If the
value is greater than the range then it is considered a step and
continues through the data. Otherwise the value is counted as
a misleading step. Once at the end of the data, the total
amount of steps is calculated by subtracting the total number
of peaks representing steps minus the number of peaks
representing misleading steps. The pseudo code for the
algorithm is provided below.

SET n to first element /findex

SET controlPoint to the value of the first element

SET peakCounter to 0 /Itotal steps

SET underAvgCounter to O //steps that fall within the range

WHILE not at the end of the Data {
/MF current value is not equal to the next value THEN
if(data[n] != data[n+1]){

/MF current value appears to be a peak THEN
if(data[n]>data[n+1]){

/NF current value is not a peak THEN
if(data[n]<control point){
n++;}

else{
/NF current value is within the range THEN
if (data[n]<avg*factor){
underAvgCounter++;}

peakCounter++;
n++;}
)
//ELSE set new value of the control point
else{
controlPoint = data[n+1];
n++;
}
)
//ELSE continue through the data
else{
n++;
}

}
//Calculate steps taken

peakCounter-=underAvgCounter;

III. TESTS

We conducted various tests to analyze the output of the
application. These tests were conducted with the application
installed onto a Samsung Admire smart phone which runs an
Android operating system version 2.3. The installation
process was performed through Eclipse, a software
development program. It is a stand-alone application which
allows for the activity to be started and stopped according to
the user’s desire. For comparison purposes, the tests were
also conducted with a commercial pedometer built by
Sportline, Incorporated. In order to help keep a steady pace
when performing the tests, the subject walked to the pace of
a metronome.

The first series of tests were designed to show graphical
representations of a walking, running, and falling events. The
procedure of these tests required the subject to walk twenty
steps at sixty beats per minute (60 bpm), then run twenty
steps at one hundred and four beats per minute (104 bpm),
and finally fall on the ground. Fig. 1 shows the collected data
from the smart phone’s accelerometer sensor. It is clear that
the energy of the walk is much less than the run, which could
ultimately be used to distinguish a walk event from a run
event. On the other hand, even though the peak for the fall
event is not very high, the duration of the event is
significantly longer (on the order of a few seconds). This
unique characteristic of the fall event would be used to detect
a fall event.
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Figure 1. The data collected from the 3-axis accelerometer sensor events of
a smart phone. Events are walking for 20 steps at 60 bpm, running for 20
steps at 104 bpm, and falling at the end of the run.

In order to characterize the accuracy of the algorithm
using the smart phone as a platform, several test setups were
designed to compare the smart phone application (which we
refer to as “Application” scenario in the following) and
commercial pedometer (which we refer to as “Commercial”
scenario in the following) outputs against the actual number
of steps taken under a different conditions.

In the first test, the subject was required to wear clothing
that restricted the movement of the phone while it is inside
the subject’s pocket. The first sets of tests followed a
procedure in which the subject was to walk a specified
number of steps at a pace of one hundred and twenty beats
per minute (120 bpm). Tests were repeated 5 times. Each test
was performed by using the smart phone and the commercial
pedometer at the same time. Tests were repeated for different
step numbers from 20 steps to 300 steps. The resulting data
is illustrated in Fig. 2. The solid line represents the ideal line,
while markers with connected lines are commercial and
application data. It is clear that application data agree very
well with the commercial pedometer data as well as the
theoretical line.
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Figure 2. Reported steps from the developed smart phone application and a
commercial pedometer. The trials are based on walking a specified number
of steps with a fixed pace of 120 bpm with sensor units fixed in the pockets
of the subject’s pants.

In the second test, a specific number of steps were chosen
(100 steps in this particular test) and steps were counted at
different paces from 60 bpm to 130 bpm. Similarly to the
first test, a set of 5 trials were performed with the sensor
devices being fixed to the subject.

Fig. 3 illustrates the number of steps reported by the
mobile application and the commercial pedometer. The
results depict that the reported steps by both devices are
impacted by the pace of the subject. We initially note a
significant deviation from the actual number of steps for low
paces (bpm). This is possibly due to the fact that slow pace
movement introduces more noise to the system. With an
increase in the pace, both application and commercial
pedometer readings are approaching the actual number of
steps taken. Overall, we note that the results become more
accurate (within a 10% error margin) after 80 bpm.

Although the test results are very promising, it is
important to note that Fig. 2 and Fig. 3 were derived from
data obtained by fixing the sensor devices, so the noise
effects would be minimized. However, in a real life scenario,
specifically the case of elder usage, it is crucial that the
sensor could still generate a consistent data even if the
device is not positioned correctly. Therefore, another test
setup was designed where the devices were placed in a loose
pocket of the subject. To fulfill this condition, the subject
was required to wear clothing that did not restrict the
movement of the phone while it is inside the subject’s
pocket, i.e., in the side pockets of cargo pants.
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Figure 3. Steps are calculated at different paces from 60 bpm to 130 bpm.
A total of 100 steps were recorded for each trial within this condition. The
sensor units were fixed in the pockets of the subject’s pants.
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We illustrate the reported step counts from both
pedometers using a fixed pace of 120 steps per minute
(similar to the results presented in Fig.2), but with loose
sensor placement, in Fig. 4. We initially observe that the
smart phone application results in consistent step
calculations, which furthermore are close to the number of
actual steps. We additionally observe that the commercial
pedometer’s reported step count deviates significantly from
the actual number of steps on the majority of trials
conducted.
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Figure 4. Reported steps from the developed smart phone application and a
commercial pedometer. The trials are based on walking a specified number
of steps with a fixed pace of 120 bpm with sensor units loose in the side
pockets of the subject’s cargo pants.

Comparing the results presented for the impact of the
number of steps at a steady pace in Fig. 2 and Fig. 4, it
becomes apparent that the commercial pedometer’s position
(fixed vs. loose) in the pocket plays an important role on the
performance, whereas the proposed algorithm works
consistently regardless of the device’s orientation.

We illustrate the reported step counts from both
pedometers using a fixed number of 100 steps at different
paces from 60 bpm to 130 bpm in Fig. 5. We initially
observe that for low paces, both pedometers’ reported
number of steps deviate significantly from the actual step
count. With an increase in pace, however, we observe an
increase in accuracy for the developed application, whereas
the commercial pedometer continuously  provides
inconsistent results.

Comparing the results presented for the impact of the pace
variation with a constant number of steps in Fig. 3 and Fig.
5, we initially note that the accuracy of the reported steps
correlates with the pace for both developed application and
commercial pedometer, whereby lower paces typically result
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Figure 5. Steps are calculated at different paces from 60 bpm to 130 bpm.
A total of 100 steps were recorded for each trial within this condition. The
sensor units were loose in the side pockets of the subject’s cargo pants.

in larger deviations from the actual number of steps and
almost independently of the placement scenario (fixed vs.
loose).

IV. CONCLUSION

In this project, a smart phone based step monitoring
algorithm is proposed. The algorithm is simply based on
peak detection on the acceleration information. The sensor
platform was chosen to be a smart phone that would
ultimately be the initial step for a wireless physiological
activity monitoring system. The algorithm was tested for
different pace of walk for various step numbers and the smart
phone platform performed better than a commercial
pedometer in terms of step count.

One of the biggest challenges is to process the sensor data
consistently even if the sensor device’s orientation is
random. Initial tests were shown to be promising. Authors
are now working on the improvement of the algorithm by
performing a running averaging scheme in order to
accurately determine the peaks. This work will be the base
for a physiological activity monitoring system where
activities can be classified and ultimately falls could be
detected.
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