ABSTRACT

KULKARNI, CHAITANYA DEEPAK. Design and Development of a Smartphone-based
Fall Detection and Alerts Generation System. (Under the direction of Dr. Douglas Reeves.)

Falls in people happen due to reasons like old age, dementia, Parkinson’s disease, learning
disabilities and poor motor control. Falls result in broken or fractured bones, cuts, abrasions,
soft tissue damage, and even death. They have psychological consequences, fear of falling

leads to isolation, worsening of mental health, and general degradation of quality of living.

If falls cannot be prevented, the next best option is detecting them accurately, and
summoning the required help immediately. An automatic fall detection system can do this;
however, to be usable, the system should not be prohibitively expensive, should be
convenient to carry on one's person, and should be capable of generating alerts even if the
user is rendered unconscious due to fall. Smartphones are thus uniquely positioned; they can
gather information about their surroundings using built-in sensors, process it in real-time, and

generate alerts in various forms.

In this thesis, we design and develop an Android application that monitors device sensors to
calculate device acceleration and orientation, and detects occurrence of fall using these inputs
and real-time pattern recognition techniques. We also describe sensor data collection,
including fall signature patterns, and alternative approaches tried for fall detection. On

detecting a fall, the application generates alerts like emails, text messages, and voice calls.



The specifics of alerts to be generated and persons to be contacted are configured by user.
We use speech recognition to reduce false positives and improve fall detection accuracy. We

also test this application against a number of daily activities and falls, and present the results.
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Chapter 1

Introduction

In this thesis, we address the problem of falls in people. Our approach relies on smartphones
to detect falls and summon the appropriate assistance. We develop an Android application
that monitors the phone’s built-in sensors, detects falls using pattern recognition, and
generates pre-configured alerts on fall detection. We test the application against a number of

Activities of Daily Life (ADLs) and fall events, and present the results.

1.1 Falls — Reasons and Impact

Falls are defined as ‘an unexpected event in which the participant comes to rest on the
ground, floor, or lower level.” [1] A slip (sliding of the support leg) and a trip (impact of the
swinging leg with an external object or a body part) both represent loss of bodily balance,

and both can cause a fall [2].

A variety of reasons like old age, dementia, Parkinson’s disease, learning disabilities and
poor motor control contribute to falls in people. Falls represent a serious problem among the
elderly. One out of three adults age 65 and older falls each year. Falls are the leading cause of

injury-related death among this population. Falls are also the cause of nonfatal injuries like



broken or fractured bones, cuts and abrasions, and soft tissue damage, and hospital
admissions. [3] [4] Falls can also result in ‘long-lie’, which is defined as remaining on the
ground for an hour or more following a fall. This occurs in more than 20% of the elderly
people who are admitted to hospital due to fall. Even if no direct fall-related injury has
occurred, half of the elderly people who experience a long-lie die within 6 months of the fall
[4]. Additionally, falls in elderly also have psychological consequences. The fear of falling or
long-lie can lead to the worsening of one’s mental health, isolation, and the general
degradation of quality of living [5]. Fall researchers also describe a ‘fear of falling’ cycle in
which, after a fall, seniors may limit their daily activities due to fear of falling again, leading
to decrease in fitness, mobility and balance, decreased social interactions, reduced

satisfaction and increased depression. This fear may increase the risk of another fall [6].

Falls also occur because of dementia. Studies show an annual fall incidence as high as 60%
among people with dementia, and as many as 400 falls per 100 persons with dementia. In a

misguided attempt to prevent injury, physical restraints are used for such patients [7].

Most patients suffering from Parkinson’s disease (PD) sustain recurrent falls. Researchers
have observed that almost 70% of patients fell during a 1-year follow-up. Recurrent falls
occurred in approximately 50% of patients during 1 year. Compared to healthy subjects, the
relative risk of sustaining recurrent falls during a 6-month period was 9.0 (95% confidence

interval, 2.0 — 41.7) for PD patients [8].



For people with learning disabilities, falling is a common cause of physical injury and
impaired quality of life. Studies have shown that over a 33-month period, more than half of
people with a learning disability who live in residential facilities will have a fall, with a third
of these falls resulting in injury. A recent Scottish study found that 41% of community-based
adults with a learning disability had experienced a fall in the previous 12 months. For the
people involved, falls result in institutionalization, increased incidence of injury, higher

healthcare costs, heightened fear of falls and reduced physical activity [9].

Falls are thus a clinically frequent case, can be caused by a variety of reasons, and adversely

affect a sizable population.

1.2 Current Methods for Automatic Fall Detection

Falls can be prevented from happening through personal care and constant monitoring. A
person who has sustained a fall can be helped by others in the vicinity. However, for falls
that occur in isolation, quick and accurate detection of fall and summoning the much-needed
help becomes important. Automated fall detection systems or Personal Emergency Response
Systems (PERS) are used for this purpose. Such systems attempt to reduce the period
between the fall and arrival of medical attention by generating alerts on detecting a fall.
However, most common form of PERS, a push-button pendant for alerts generation, is not
always a useful method, as the pendant will not be activated if the fall renders the person

unconscious [10].



Automated fall detecting systems commonly use one of following three methods for

classifying a fall: [5]

Acoustic/vibration recognition: This is achieved by having a device, usually
implanted in the floor, monitor sound and other vibrations. It listens for the vibratory
signature of a human fall, which is vastly different from the signatures of walking,

small objects falling, and other common activities.

Image recognition: By using overhead cameras in a fixed location, one can track
objects and learn movement patterns. The system adapts to the locations in which a
single human enters/exits the room and remains inactive (lying/sitting on bed/chair).
Common paths from entry points to inactive areas are then traced and remembered. It

suspects a fall if a person becomes inactive in the middle of a common path.

Worn Devices: These systems require the user to wear external sensors. The devices
track the vector forces exerted on the user. Usually these devices are a tri-axial
accelerometer or gyroscope. If a specific pattern or threshold is broken, the device

alerts a wireless receiver, which then alerts emergency contacts.

Majority of fall detection systems require some application specific hardware and software

design. This increases their cost and limits the commercial viability to the wealthiest, or most

impaired, users. Many also have significant installation and/or training times, also limiting

greater adoption [5]. Systems employing overhead cameras are hardly effective once the

person is outside the monitored area. Systems that use worn sensors would be rejected by



users if they are inconvenient and affect mobility/activities of daily life.

1.3 Our Solution

We thus propose using smartphones as fall detection and warning system. Today’s
smartphones include sensors like Accelerometer, Gyroscope, Magnetic Field sensor,
Light/Proximity Sensor to collect information from their environment. They have processing
power required for real-time analysis of collected data to detect a fall, and they can also
generate various forms of alerts like a loud ring, text, email etc., on detecting a fall [11] [12].
They provide access to this functionality via developer APl. Moreover, as a phone is carried
on one’s person, there is no need for dedicated sensor hardware, and the fall monitoring is

not dependent on presence of external overhead cameras.

In this thesis, we develop an application on Android platform that runs in the background and
monitors for fall. On detecting a fall, it generates alerts. The specifics of alerts generated are
configured by the user, as are the persons to be contacted. For detecting the fall, the app uses

Weka implementation of Multilayer Perceptron Classifier.



1.4 Thesis Structure

Remainder of this thesis is organized as follows. Chapter 2 presents an overview of the
related work, discussing existing fall-detection algorithms, use of worn sensors, and an
existing Android application. Chapter 3 presents the design and implementation of our fall
detection algorithm, including a discussion of different approaches explored and challenges
faced. Chapter 4 presents the details about implementation and alerts generation. Chapter 5
discusses the experiments performed for validating the app and presents the results. Finally,

chapter 6 provides a summary, and gives pointers for future work.



Chapter 2

Related Work

2.1 Fall Detection Using Sensors

Fall detection using sensors is a well-researched area. The algorithms generally use inputs
from one or more sensors, and are threshold-based — a fall is concluded to have happened if
the thresholds are crossed. The actual thresholds differ based on the specific sensors used,

and the experimental results obtained.

Bourke et al. [4] use a tri-axial accelerometer housed in a plastic case, mounted on thigh and
trunk using harnesses, and conduct experiments using young subjects for performing falls
and elder subjects for Activities of Daily Life (ADLs). Using the experimental data, they
determine upper and lower thresholds for accelerometer data for detecting fall. They also
recommend trunk as the ideal position for the sensor. Hwang et al. [13] develop a chest-
attached fall detection system. They use accelerometer for determining Kinetic force,
gyroscope for determining posture transition and a tilt sensor to determine whether people
are standing or are supine. They use buffered windows of sensor data, with readings in each
window averaged out. Due to the use of multiple signals, they increase the accuracy of

detection (96.7%). A warning system is described by Hansen et al. [14], which involves the



sensor communicating with a camera-phone over Bluetooth. The phone tries to ascertain
whether the user has indeed fallen, and generates alerts if that is the case. In [6], changes in
acceleration magnitude, followed by orientation and position change; are used as fall
indicators. In [15], Li et al. distinguish between intentional transitions (such as sitting or
lying down) and unintentional transitions (such as falling) — unintentional transitions involve
sudden changes in the sensor readings. Finally, Sposaro and Tyson [5] develop an Android
application that uses a threshold-based algorithm for fall detection, using accelerometer data
and orientation change. They provide a ‘sensitivity setting’ to reduce number of false
positives. Their alerts generation system consists of two-way communication between the
person who has sustained the fall, and his/her social contact. This method also reduces the

impact of false positives.

2.2 Activity Recognition Using Sensors
Sensor inputs are also used for activity recognition. Various machine-learning methods are

usually employed for this purpose.

Yang [16] describes use of Clustering mechanisms from Weka data mining suite for physical
motion recognition using accelerometer sensors in mobile phones. Kwapisz et al. [17] use
decision trees (J48), logistic regression and multilayer neural networks from Weka data
mining suite for inducing models for predicting user activities. Sun et al. [18] develop a SVM

based classifier using Weka implementation to recognize common physical activities,



specifying six pocket positions for the phone. Brezmes et al. [19] use K-nearest neighbors for

pattern recognition.

Finally, dynamic programming based methods are also used for pattern recognition. Liu et.
al. [20] describe use of Dynamic Time Warping (DTW) for gesture recognition. Dynamic
Time Warping is a method for calculating matching cost for temporally differing patterns
using dynamic programming. [20] uses Euclidean distance as the distance calculation

function for DTW.

Threshold-based algorithms cannot generalize to varied use cases of sensors in mobile
phones, neither can they learn from or adapt to user behavior. Dynamic programming based
algorithms cannot effectively distinguish between patterns involving extended periods of no

activity — a fall that renders the person unconscious versus sleeping, for example.

In this thesis, we develop smartphone-based fall detection and warning system that uses a
supervised learning method for pattern recognition. By re-training the classifier using user-
identified true and false positives, recognition accuracy of our method improves over time,
for the specific user. Moreover, utilizing the capabilities of the smartphone, we can perform
effective alert generation — asking user whether he/she is okay, ringing a bell, and sending
emails/text messages to pre-selected contacts. Our method does not need special-purpose

hardware because the phone is carried on one’s person, and thus is likely to be less intrusive



for the user. However, as our method is phone-based, it does not detect falls suffered by users

while not having the phone on them — for example, while sleeping or bathing.
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Chapter 3

Fall Detection Algorithm

In this chapter, we describe our fall detection algorithm, preceded by a discussion of sensors
inputs utilized, sensor data collected, and the classifier used. We also discuss the challenges

in algorithm design and alternative approaches tried.

For detecting a fall event, the application monitors the Accelerometer and Magnetic field
sensors in background. A Multilayer Perceptron Classifier is trained on a sample dataset
consisting of both fall and non-fall events, and then used for real-time classification of sensor
data. Multiple, overlapping, sliding windows over the stream of sensor data are utilized to
provide instances for this real-time classification. A fall event is characterized by detection of
changes similar to fall patterns in both acceleration and orientation occurring within a short

interval.

3.1 Sensors

Android API exposes the device sensors through a class called SensorManager. As we need
to track acceleration and orientation changes, we register with SensorManager to listen for
accelerometer and magnetic field sensors. Upon change in sensor values, an object of class

SensorEvent is passed to the sensor event listener method. The SensorEvent class holds the

11



information like sensor type, sensor’s data, event timestamp, and accuracy. Following

diagram depicts the coordinate system used by the SensorEvent API [32].

>

Figure 1 - SensorEvent API coordinate system

The coordinate system is defined relative to the screen of the phone in its default orientation.
The axes are not swapped when the device's screen orientation changes. As shown in the
diagram above, X axis is horizontal and points to the right, the Y axis is vertical and points

up and the Z axis points towards the outside of the front face of the screen.

An application subscribing to sensor events is also supposed to unregister the listeners when
it no more requires the sensor monitoring. This is required to prevent the unnecessary battery
drain. Likewise, in our application, we stop listening to sensor events when the user stops the

fall monitoring.
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Acceleration:

The SensorEvent object received in the sensor listener contains an array of sensor values.
The length and the contents of this array depend on the type of sensor. For accelerometer,
following values are returned (unit: m/s?): [32]

e [0]: acceleration minus G4 on x-axis

e [1]: acceleration minus Gy on y-axis

e [2]: acceleration minus G, on z-axis
Accelerometer sensor measures the acceleration applied to the device. The force of gravity is
always influencing the measured acceleration. Thus, for instance, for a device stationary on a
table, accelerometer reads a magnitude of g = 9.81 m/s®. Similarly, when the device is in
free-fall and therefore dangerously accelerating towards to ground at 9.81 m/s its

accelerometer reads a magnitude of 0 m/s?.

In our application, we first record the accelerometer sensor values for subsequent use in the
calculation of device orientation. We then find out the acceleration applied to the device by
squaring and adding the acceleration along the three axes, and taking the square root of the
result. We then quantize the result using a non-linear quantization scheme described by Liu

et.al. [20]. The resulting value is used in forming the instances for real-time classification.

13



Orientation:

Device orientation is calculated using the values obtained by accelerometer as well as
magnetic field sensor. Just as we record the values obtained by accelerometer, we record the
values obtained by magnetic sensor as well, in the sensor event listener. Using these two sets
of the values and the methods provided by the Android API, we first calculate a rotation
matrix transforming a vector in device coordinate system into world coordinate system. We
then calculate the device orientation from this rotation matrix. The reference coordinate

system used for device orientation is depicted below: [33]

=

x /

Figure 2 - Reference coordinate system for device orientation

In the reference coordinate system

e Xis defined as the vector product Y.Z (It is tangential to the ground at the device's

14



current location and roughly points in the West direction).

e Y is tangential to the ground at the device's current location and points towards the
magnetic North Pole.

e Z points towards the center of the Earth and is perpendicular to the ground.

o All three angles above are in radians and positive in the counter-clockwise direction.

These are the values obtained for device orientation: [33]
e [0]: azimuth, rotation around the Z axis
e [1]: pitch, rotation around the X axis

e [2]: roll, rotation around the Y axis

During a fall, user position changes from standing to supine, in a sudden manner. This
change produces a variation in pitch. In our application, the pitch values form the dataset that

is used for real-time classification.

3.2 Sensor Data Collection

We created an application for sensor data collection. This application monitors the sensors in
background using a service, and writes the sensor data to files on phone’s external storage.
This data can then be uploaded to a server from the application. We used Comma-Separated

Values (CSV) format for files. Microsoft Excel was used for analyzing the data by generating

15



graphs. More details about this application are given in Appendix A.

We conducted a number of experiments involving falls. A fall involves transition from a
standing position to a supine one. We empirically observed the time taken and the number of
sensor data values generated for the stationary->fall->stationary transitions. We also
considered the fact that both acceleration and pitch variations need to be tracked. Using these
observations, we arrived at a length of 40 values for a data instance used for both training the
classifiers and for real-time classification. These values are typically collected over a period
of 6 seconds. The data instance length ‘spans over’ a fall transition. During our experiments,
we observed that longer instance lengths contain additional sensor data, and adversely affect

recognition accuracy.

Fall events produce similar patterns in the sensor data. Acceleration exhibits a sudden change

on fall - it has the pattern of a downward spike followed by an upward one. Pitch also

exhibits a large and sudden change.

16



Following figure shows the acceleration signal pattern during fall:
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Figure 3 - Acceleration signal - fall pattern

Following figure shows the pitch signal pattern during fall:
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Figure 4 - Pitch signal - fall pattern
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We also collected the sensor data for a number of Activities of Daily Life (ADLs), like
walking, sitting, sleeping, and being stationary or strolling. The ADLs are performed from a
starting point of the person standing, with the phone in the front pocket of the trousers. We

selected this particular position, as it is a common one. [18]

Following figures show patterns in acceleration during these ADLSs:

Walking:
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Figure 5 - Acceleration pattern during walking

Stationary to Strolling:
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Figure 6 - Acceleration Pattern during strolling
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Sitting:
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Figure 8 - Acceleration pattern during sleeping

Following figures show patterns in pitch during the ADLs:
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Stationary to Strolling:
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Figure 10 - Pitch pattern during strolling
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Figure 11 - Pitch pattern during sitting
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Figure 12 - Pitch pattern during sleeping
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3.3 Weka Data Mining Suite

Waikato Environment for Knowledge Analysis (Weka) is a machine learning software suite
in Java, developed at the University of Waikato, New Zealand. Weka is open source, and is
available under the GNU General Public License. The machine learning algorithms in Weka
can either be applied directly to a dataset or called from Java code. Weka contains tools for
data pre-processing, classification, regression, clustering, association rules, and visualization

[34].

In our application, we use Weka Multilayer Perceptron classifier for real-time classification
of sensor data. Weka is chosen because of its free availability, java implementation,
portability to Android platform, and finally, ability of performing Classification from Java

code.

3.4 Multilayer Perceptron Neural Networks

An Atrtificial Neural Network (ANN) is an information-processing paradigm that is inspired
by the way biological nervous systems process information. An ANN consists of a large
number of highly interconnected simple processing elements (neurons) working in unison to
solve specific problems. An ANN is configured for a specific application, such as pattern
recognition or data classification, through a learning process. Once trained, it can be used to
provide projections for given new situations. Adaptive learning, self-organization, and real-

time operation are some advantages of ANNSs.
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A Multilayer Perceptron (MLP) is a feed forward artificial neural network. It has a layered
architecture consisting of input, hidden, and output layers. Each layer consists of a number of
perceptrons. The output of each layer is transmitted to the input of nodes in next layer
through weighted links. Training or weight adaptation is done using supervised

backpropagation learning [35].

Weka uses sigmoid activation function for its Multilayer Perceptron classifier [36].

In our application, we use a network with one hidden layer, one input layer, and one output

layer. Following table presents the parameters and their default values for Weka MLP

classifier configuration. We use the same values in our application.

Table 1 - Parameters for MLP Classifier

Parameter Explanation Value

L Learning rate — factor used for weight adjustment during 0.3
backpropagation learning phase

M Momentum - factor used for weight adjustment during 0.2
backpropagation, for speeding up convergence and avoiding local
minima

N Number of passes made over the training data, during learning phase 500

\ Percentage size of the validation set from the training data — setting 0
this to 0 means that the network will train for N number of epochs

S Seed for random number generator, random numbers are used for O

setting the initial weights of the connections between nodes and for
shuffling the training data
E Threshold for consecutive errors allowed during validation testing 20
H Number of nodes in the hidden layer, value ‘a’ indicates default a
wildcard values, calculated as a = (attributes + classes) / 2
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The training set for the classifier consists of both fall and non-fall samples. Fall samples all
exhibit similar patterns, while the non-fall samples are selected from sensor data collected
during ADLs. They exhibit patterns markedly different from the fall patterns. As there are
virtually unlimited ADL patterns and our aim is fall detection, our training set contains more
fall patterns than non-fall patterns; it is trained to recognize the presence of a pattern similar

to fall pattern in the sensor output.

3.4.1 Use of two classifiers:

Our experiments showed that fall involves change in both acceleration and in pitch. More
important, changes similar to fall pattern occur in acceleration when one is walking/running
but pitch changes are absent at this time, and changes similar to fall pattern occur in pitch
when one sits or lies down but changes in acceleration are absent at this time. This mutual
exclusivity of the two indicators and the fact that they both are present in a fall leads to our

choice of monitoring them both.

3.5 Algorithm and Implementation
User starts fall monitoring by pressing a button from within the application. On this user

trigger, we start a Service for background sensor monitoring and real-time fall detection.

Within the Service, we first build Weka Multilayer Perceptron (MLP) classifiers for
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acceleration and pitch signals using pre-stored training data. As this is likely to be a blocking

operation, it is done in a separate thread, thus keeping the application responsive.

Once the classifiers are built, we start the fall detection thread, and start sensor monitoring.

In the sensor event listener, we calculate acceleration using sensor values, quantize the
results, and build data instances, each of length 40. The choice of this window length is
explained earlier, in section 3.2. We use four overlapping, sliding windows over the sensor
data stream. Multiple overlapping windows are required to capture the sensor data patterns
accurately; a fall pattern should not be incorrectly identified because it did not begin at the
start of the window. Similarly, we calculate pitch and build data instances, each of length 40,
with four overlapping, sliding windows over data stream. For both acceleration and pitch,
once an instance is created, we classify it using the corresponding classifier, and signal the

fall detection thread if the result of classification is ‘fall’.

In the fall detection thread, we keep track of the timestamps of the acceleration and pitch fall
indication messages. If both the classifiers report the occurrence of a fall pattern in 3.5
seconds (value slightly higher than instance duration/2) of each other, we conclude that a fall

has occurred, and signal the alerts generation module.
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3.6 Other Approaches
In addition to real-time classification of sensor data using a Multilayer Perceptron classifier,

we also explored following approaches for the design of fall detection algorithm.

3.6.1 Threshold-based Fall Detection

This approach endeavors to detect the occurrence of fall by monitoring whether the values

output by sensors cross certain thresholds.

During our experiments involving falls, we observed that a fall produces a downward spike
followed by an upward one in the acceleration pattern. During a fall, acceleration typically
falls below 6 m/s?, and then goes above 12 m/s?, before stabilizing around 10 m/s® Higher-
impact falls produce variations that are more pronounced; we observed acceleration going
below 2 m/s? during some falls. Orientation exhibits high-magnitude change, mirroring the
change in position from standing to supine. We observed changes in pitch signal by more
than 75 degrees. We decided our thresholds for fall detection based on these observations. A
fall was characterized as ‘acceleration falling below 6 m/s? and then going above 12 m/s?,
and pitch changing by more than 75 degrees.” For fall detection, we monitored both
acceleration and pitch value streams, starting ‘observation windows’ on crossing the
thresholds. For example, we monitored for acceleration crossing the upper threshold of 12

m/s® every time it crossed the lower threshold of 6 m/s?.
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However, this approach leads to a large number of false positives due to the noise in sensor
output. We observed that acceleration thresholds are routinely crossed during activities like
walking, and sitting down or sleeping involves position changes that produce variations of
more than 75 degrees in pitch. Additionally, noise leads to out-of-pattern values in the sensor

output, which negatively affect conclusions by a threshold-based algorithm.

As a further improvement, we eliminated effect of out-of-pattern values by tolerating a
certain number of them in the algorithm. For example, we would conclude that the position
has changed only if ‘x’ consecutive values show the change, allowing for ‘y’ out-of-pattern

values, where y << x. We observed occurrence of false positives even with this change.

3.6.2 Dynamic Programming based Approach

Liu et. al. [20] employ Dynamic Time Warping (DTW) for gesture recognition using
accelerometer data. Dynamic Time Warping is a classical algorithm based on dynamic
programming to match two time series with temporal dynamics, given the function for

calculating the distance between two time samples. Euclidean distance is employed in [20].
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I Tamplats

"1: Sample

Figure 13 - Dynamic Time Warping [20]

Let S[1...M] and T[1...N] denote the two time series. As shown in the figure above, any
matching between S and T with time warping can be represented as a monotonic path from
the starting point (1, 1) to the endpoint (M, N) on the M by N grid. A point along the path,
say (i, j), indicates that S[i] is matched with T[j]. The matching cost at this point is calculated
as the distance between S[i] and T[j]. The path must be monotonic because the matching can
only move forward. The similarity between S and T is evaluated by the minimum
accumulative distance of all possible paths, or matching cost. DTW employs dynamic

programming to calculate the matching cost and find the corresponding optimal path [20].

In our approach, using dynamic programming for fall detection involved finding similarity
between a real-time sensor data pattern and existing fall templates using DTW. A fall is
identified by matching cost < threshold. The threshold value was chosen by calculating the

matching costs of various fall patterns.
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For distance calculation in DTW implementation, we tried Euclidean distance and
Levenshtein distance. We also tried the Dynamic Programming based algorithm for speech

recognition described by Sakoe and Chiba [38].

We observed that this approach produced very good results for distinction between activities
like sitting and walking, and for distinction between fall and walking. However, as a fall
pattern involves values corresponding to user being stationary after fall, any sensor data
pattern containing values corresponding to user being stationary — for example, sitting or
sleeping - would have a low matching cost with fall patterns. This led to a number of false
positives in fall detection. Additionally, both the approaches made no provisions for using

user feedback about fall classification for improving fall detection accuracy.

3.7 Challenges
3.7.1 Noise in Sensor Data

Output from sensors in smartphones is contains considerable amount of noise, with even
simple motions producing pronounced variations in the output. Following figure shows an
example. The patterns depict changes in raw acceleration and orientation signals for the

simple motion of picking the phone from table and placing it in trouser pocket.
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Figure 14 - Raw acceleration and orientation data during an ADL

For an application relying on sensor data, sensor noise forms a source of false positives and
similar erroneous conclusions. Following techniques are commonly employed for

smoothening out the sensor output:

o filtering techniques like low-pass filters, high-pass filters, and Kalman filters
e buffering the sensor values and averaging them over window size
e using lower and upper thresholds for sensor data based on empirical observations

In our application, both quantization and Multilayer Perceptron based pattern matching help

offset the impact of noise in sensor data.
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Chapter 4

Implementation and Alerts Generation

The Android application we have developed is comprised of two major parts - fall detection,
and alerts generation. This chapter starts with a discussion of our choice of platform,
followed by some application and platform-specific design considerations. We then discuss
our Alerts mechanism, describing the application settings for alerts generation, various alerts,

and their generation.

4.1 Why Android

Android is a software stack for mobile devices that includes an operating system, middleware
and key applications [21]. The operating system is based on Linux kernel. Android started as
an independent company, which was purchased by Google in 2005 [22]. T-Mobile G1, the
first phone powered by Android, was released in 2008 [23]. As of mid-2011, Android powers
over 310 devices, in 112 countries. Over 100 million Android devices are activated
worldwide, with more than 500, 000 new devices activated every day [24] [25]. In USA,

Android is the mobile platform with highest market share (May 2011) [26].

There are over 200,000 Android applications, and 450,000 developers [24]. Android

application development is done in Java. Every Android application runs in its own process,
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with its own instance of the Dalvik virtual machine [27]. The executable application can be
deployed using a multitude of ways — via Google’s Android Market, via third-party
distribution websites, and even via email. Applications put on the Android Market do not

need to go through an approval process, and thus avoid the delay in distribution [28].

In summary, Android platform is selected for this work because,
e It has a widespread and ever-widening reach in the consumer market.
e A thriving developer community surrounds the platform. The collective community
knowledge provides valuable help throughout the application development.
e The application development API is Java-based, and it provides access to varied
functionalities, satisfying the needs of this work. For example, the API allows us to
constantly monitor device sensors in the background, track location, obtain user

address, send emails and text messages, and place voice calls.

Hardware and Software Used

For primary application development and testing, we used a Google Nexus S device, running
Android software version 2.3.4, a.k.a. ‘Gingerbread’. We used Eclipse IDE with ADT plugin
running on a Microsoft Windows 7 machine for development. We also used a Motorola
Droid, running Android software version 2.2.2 a.k.a. ‘Froyo’, for additional compatibility
testing. Both the devices have accelerometer and magnetic sensors; the data collected from

these is used for fall-detection.
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4.2 Application Design Considerations
4.2.1 Background Monitoring

In our approach, detection of fall requires real-time classification of data from accelerometer
and magnetic field sensors. As the occurrence of fall is an unpredictable event, sensor
monitoring and classification of data needs to go on continuously - even when the user is not
interacting with the app, and even when the phone is locked and its screen is off. We thus use
a ‘Service’ for sensor monitoring, real-time classification of data, and identification of a fall

event.

Android platform makes a distinction between Activity and Service. An activity is an
application component, which is described as a single, focused thing that the user can do, and
almost all activities interact with the user [29]. An activity thus has a user-visible part — a
screen with witch the user interacts. An activity is considered active if it is in the foreground
of the screen. An Activity is paused when it loses focus, and it is stopped when another
Activity completely obscures it. When an Activity transitions to the paused or stopped state,
the process hosting the Activity can be killed by the system at any time depending on
memory requirements. Thus, if the fall detection algorithm is implemented as an activity, it

cannot be guaranteed to run when the user is not directly interacting with the application.

A Service, on the other hand, is an application component representing an application’s desire

to perform a longer-running operation while not interacting with the user [30]. Using this
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facility, an application tells the system about something it wants to be doing in the
background, i.e., even when the user is not directly interacting with the application. As a
response to the startService() API call, the system schedules work for the Service, to be run
until the Service or someone else explicitly stops it. Moreover, by requesting appropriate
permissions from the system, a Service can be made to run even when the phone is locked
and the screen is switched off. Thus, it is appropriate to implement the sensor monitoring,

real-time classification and fall-detection as a Service.

On detecting a fall, we create an Activity from the Service, giving the user a chance to

interact with the application.

4.2.2 Designing for Responsiveness

On the Android platform, the application has to be designed to be responsive. An application
that is not responsive feels sluggish, hangs or freezes for significant periods, or takes too long
to process input [31]. The system guards against such applications by displaying a dialog to
the user, called the Application Not Responding (ANR) dialog. An example of this dialog is

shown below.
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A Sorry!

Application Fall Detector (in
process com.Android.
FallDetectorOngoing) is not
responding.

‘ Force close ‘ ‘

Figure 15 - Android Application Not Responding (ANR) dialog

Though the Service construct can be used to indicate background processing, a Service is
neither a separate process nor a separate thread. Like other application objects, it runs in the
main thread of the process. Thus, for the application to be responsive, tasks that are CPU
intensive (like building the classifier) or blocking (like networking) need to be performed in
separate threads. The main thread that runs the user-interface event loop needs to be kept

free.

In our application, tasks like building the classifier, real-time classification of data, fall

detection, and alerts generation are all performed in separate threads. For uploading of the

sensor data to a server in our application for data collection, we use an IntentService, which
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is an Android standard implementation of a service that has its own thread where it schedules

its work to be done, and finishes itself once done [30].

4.3 Alerts
This section describes alerts configuration and generation, including the user feedback

mechanism.

4.3.1 Settings for Alerts

We provide following alerts: a ‘bell’ to notify those around about the fall; and text message,
email and missed-calls to user-selected contact persons. Multiple contact persons can be
selected. User can choose to include location and a list of hospitals nearby in text messages
and in email. Number of missed-calls to place is configurable as well.

Following screenshots assist in understanding the various configurations.

The settings screen lists available options.
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waiting duration
how long before raising alarm?

bell

options for audio alarm

contact persons
who to contact while raising alarms?

text message alerts
set up options for text messages

email alerts

set up options for emails

call alerts
set up options for calls

Figure 16 - Settings

Waiting Duration refers to the Alerts Generation countdown duration, explained below.

waiting duration
5 seconds

30 seconds

1 minute

3 minutes

5 minutes

10 minutes

Figure 17 - Waiting duration

User can choose whether the bell sound should be generated, duration of bell and the sound

to play from the ringtones available on the phone.
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bell duration

30 seconds

1 minute

3 minutes

5 minutes

Cancel

=l B 7:05

Ringtones

Aquila
Argo Navis
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Canis Major
Carina

Cassiopeia

Cancel

Figure 18 - Audio alert settings

User can choose whether to generate text and email alerts, and whether to include location

and list of hospitals nearby.
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enable text alerts enable email a
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Figure 19 - Text and email alerts

Similarly, user can choose whether to place missed-calls to selected contacts, and the number

of calls to place.

Figure 20 - Calls settings
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4.3.2 User Feedback during Alerts Generation

When the monitoring service detects a fall, it starts an Activity to ascertain whether the user

has indeed suffered a fall, and to generate alerts as selected by the user.

If the Android device supports speech recognition, an audio message is played to the user,
informing him/her about the detection of fall, and asking whether he/she is all right. If the
user replies in negative, we generate the alerts as explained below. If the user does not
respond within a fixed time interval, we perform the alerts generation countdown, which is

explained below.

User’s response at this stage also serves the purpose of improving the fall-detection accuracy.
The acceleration and orientation data set classified as fall is used to re-train the classifier,
with the user providing the classification for the data set. If the user fails to respond, no
assumption is made about the accuracy of the classification, and no re-training of the

classifier happens.

If the Android device does not support speech recognition, alerts generation countdown is

started.
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4.3.3 Alerts Generation

Phone’s speaker volume is set to maximum during alerts generation countdown. Seconds are
counted down to zero from the Waiting Duration selected by user. During this countdown,
user can cancel the alerts generation by pressing the ‘cancel’ button. Following screenshot
demonstrates an ongoing countdown.

=l B 632

cancel alerts generation

GENERATING
ALERTS IN 25
SECONDS

Figure 21 - Alerts generation countdown

Alerts are generated after the end of countdown, and a message informing the user about it is

displayed on the screen.

If the audio alert is configured, a thread is started to handle it. This thread plays the selected
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ringtone for the selected duration. Before playing the ringtone, the phone speaker volume is
set to maximum, and the ‘ring mode’ is set to normal. Ring mode setting enables the sound,
whether the phone vibrates depends on user choice. These changes are reverted at the end of

bell duration.

Several constraints guide the design of text, email and call alerts generation. These alerts can
all be selected individually, and within text and email, location and hospital can be
individually selected. Finding the user location is an expensive operation, so is getting the
details of contact persons. Moreover, sending text and email has to wait on finding user
address and fetching list of hospitals, which in turn have to wait on fetching user location.

Additionally, trying to fetch user location has to (eventually) timeout.

A thread is started if any of text, email, and call alerts are selected. Phone numbers of
selected contacts are fetched if call or txt alerts are selected, and email addresses are fetched
if email alerts are selected. Then, if the user address or ‘list of hospitals’ is selected in either
text or email alerts, a thread is started to fetch user location. Once these common operations

are done, individual threads are started to handle generation of each of the selected alerts.

Now, user’s location can be obtained using GPS or using nearby wireless network access

points and cellphone towers [37]. Accordingly, Android lists two providers for location —

GPS and Network. These can be individually selected in ‘Phone Settings -> Location &
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Security'. A ‘fix” obtained using GPS is typically more accurate, but GPS requires a clear
view of sky. We depend on the Network provider if the user is, for example, inside a
building; but a fix using Network provider requires connectivity to cellular or wireless

network.

In the location fetching thread, if GPS provider is enabled, we attempt to obtain a fix using
GPS. On timeout, an attempt is made using the Network provider, if enabled. Connectivity to
the network is verified for obtaining fix using network. On obtaining a fix, user address is
fetched if the option is selected in either text or email alerts. Using Google Places web-

service, a list of hospitals is fetched if the option is selected in either text or email alerts.

Text and email alerts generating threads wait for updates from location thread. For example,
if the user has selected ‘list of hospitals’ in text alerts, the thread waits till the list of hospitals
is fetched, then retrieves it, and appends it to the text message. Once all the required
information is gathered, text messages and emails are sent from the phone. Timeouts ensure

sending of messages, even in case of failures in fetching details.

Following screenshot shows an email, alerting a contact person about fall.
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by Google
FALL EVENT
1 message

fall.detector.sender@gmail.com <fall.detector.sender@gmail.com>
To'i

Fall event occured on 6/6/2011, at 06:02 PM
Location Coordinates:35.76695475643962, -78.69634617392181, Accuracy of location: 65.616798 ft
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Address: 3289 Avent Ferry Rd Raleigh, NC 27606

Nearby Hospitals:

Deorothea Dix Park

Address: Umstead Dr, Raleigh, North Carolina 27603, United States
Phone: (919) 733-5540

Rex Hospital
Address: 4420 Lake Boone Trail, Raleigh, NC 27607-6599, United States
Phone: (919) 784-3100

Duke Raleigh Hospital
Address: 3400 Wake Forest Road, Raleigh, NC 27609-7373, United States

Phone: (919) 954-3000

Blue Ridge Surgery Center
Address: 2308 Wesvill Court, Raleigh, NC 27607-2949, United States
Phone: (919) 781-4311

‘Western Wake Medical Center
Address: 1900 Kildaire Farm Road, Cary, NC 27518-6616, United States
Phone: (919) 350-2300

Central Prison
Address: 1300 Western Boulevard, Raleigh, NC 27606-2196, United States

Phone: (919) 733-0800

Figure 22 - A received email alert

Finally, user-configured number of missed-calls are placed to selected contact persons in a

separate thread. The Airplane mode is toggled to terminate a call.
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Chapter 5

Experiments and Observations

In this chapter, we discuss the experiments conducted for evaluating our fall detection

algorithm. We also document the impact of our applications on phone’s battery.

5.1 Experiment Methodology and Results

We evaluate our Multilayer Perceptron based classifier against a number of ADLs and falls.
Additionally, we also evaluate a threshold-based approach that mirrors the algorithm in [5]
against the same activities. The ADLs performed are walking, strolling, sitting, and sleeping.
Each activity, including falls, starts with the user being in an upright position, with the phone
in the trouser pocket. Each activity, including falls, is repeated 5 times for each approach. For
continuous activities like walking and strolling, the duration of one instance in our algorithm

(roughly 6 seconds), is considered as the duration of each repetition as well.

In the following tabulations of our results, the symbols ‘v"* and ‘%X’ indicate correct and
incorrect identification, respectively. For example, a ‘v for ‘walking’ indicates that the

activity was not detected as fall, while a ‘v"* for ‘fall’ indicates that the fall was indeed

detected as fall.

44



Results for Walking:

Table 2 - Results for ADL: Walking

Count Classifier-based Threshold-based

Results for Strolling:

Table 3 - Results for ADL: Strolling

Count Classifier-based Threshold-based
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Results for Sitting:

Table 4 - Results for ADL: Sitting

Count Classifier-based Threshold-based

Results for Sleeping:

Table 5 - Results for ADL.: Sleeping

Count Classifier-based Threshold-based
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Results for fall:

Table 6 - Results for fall

Count Classifier-based Threshold-based
1 v v
2 v v
3 v x
4 v v
5 x x

5.2 Evaluation and Observations:

Following table provides a comparison of the approaches:

Table 7 - Comparison of approaches

Approach True False True False
Positives Positives Negatives Negatives
Threshold-based fall 3 2 18 2
detection
Classifier-based fall 4 1 19 1
detection

We can thus see that Classifier-based fall detection fares better in our experiments.
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During our experiments, in addition to the results presented above, we observed a large
number of false positives for the threshold-based approach; falls were reported while taking
the phone out of pocket, keeping it in, taking it off the ear at the end of a call, and while
performing high-impact activities like walking, running, and climbing up the stairs. A large
number of false positives are hazardous as a detection system that produces too many false
alarms can be rejected by the users [5]. We observed that the classifier-based approach too
produced false positives during such ADLSs, but to a significantly lesser extent; and on
classifying such instances as non-falls, they were not falsely identified again, as the classified

‘learnt’ from them.

Finally, threshold-based approach also reported false-negatives for falls. This was also
observed during our work with threshold-based approach. The reason behind such false
negatives is — pitch does not change by a value close to 90 degrees in all falls, the change is

mostly about 75 degrees.

Limitations

The experiments and results above document only a small sample of tests. Though we have
observed that classifier-based approach yields better results than threshold-based approach, it
would be beneficial to perform the experiments with a wider variation of test subjects, falls,
and activities of daily life. Such data, in addition to sensor data patterns from real falls (as

opposed to intentional ones performed for data collection and experiments), could also help
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in building a better classifier, further improving fall-detection accuracy. We plan to address

some of these issues as explained in section ‘Future Work’ in Chapter 6 below.

5.3 Battery Consumption

Following table presents a measure of battery consumption for both the applications
developed by us. We calculated the time taken for the battery power level to reduce from
100% to 80%, with and without our applications running. Phone’s usage conditions for these
measurements included audio playback, voice calls, and moderate internet access over both

WiFi and 3G networks.

Table 8 - Battery power consumption of applications - 1

Application Time taken for battery
power level to reduce by
20%
Neither applications running, phone’s normal usage 117 minutes
conditions
Data Collection application running, two successful uploads 99 minutes

of sensor data, coupled with phone’s normal usage

Fall Detection application running — fall detection, alerts 91 minutes
generation and classifier retraining; coupled with phone’s
normal usage

We also evaluated time taken for the battery power level to reduce from 100% to 5%, with

the phone being idle for most of the time. Following table presents the findings.
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Table 9 - Battery power consumption of applications - 2

Application Time taken for battery power level
to reduce by 95%
Neither applications running 23 hours and 18 minutes
Data Collection application running 13 hours and 40 minutes
Fall Detection application running 13 hours and 10 minutes

Thus, we observed that both Data Collection and Fall Detection applications have an impact
on battery life; it took 18 minutes less for the battery to lose same amount of power with Data
Collection application running, and it took 26 minutes less with the Fall Detection
application running. For a complete discharge, the differences become more pronounced,
with constant sensor monitoring and background processing by our applications resulting in

considerable battery power consumption.
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Chapter 6

Summary and Future Work

In this thesis, we developed an Android application for automatic fall-detection and alerts
generation. The application monitors the built-in accelerometer and magnetic field sensors in
the background using a Service, to calculate device acceleration and orientation. A
Multilayer Perceptron classifier from Weka Data Mining Suite is trained on training data
comprised of both fall and non-fall samples, and is used for real-time classification of sensor
data. Multiple, overlapping, sliding windows over the sensor data stream are used to provide
instances for classification. A fall is characterized by near-simultaneous occurrence of fall-

patterns in both acceleration and orientation.

The alerts to be generated and the persons to be contacted on fall detection are configurable
by user. We provided following alerts: an audible bell with the phone's volume set to
maximum to alert those nearby, and emails, text messages and missed-calls to selected
contact persons. Additionally, users can choose to include their location and a list of hospitals

in their vicinity, with addresses and phone numbers, in the email and/or text message.

To reduce the false positives, we used following method. On detecting a fall, the application

asks the user about his/her condition and seeks a spoken response from the user. The
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response serves two purposes - it is used to re-train the classifier, and in case of a false
positive, it aborts the alert generation. In the absence of response, alerts are generated,
preceded by user-configured waiting duration. Users can cancel alerts generation during this

waiting duration as well, in case of a false positive.

In addition to an Artificial Neural Network based classifier, we also explored threshold-based

and Dynamic Programming based approaches for fall detection.

6.1 Future Work

Classifier accuracy could be improved by using real-world data from application users. We
propose the following scheme. Sensor data instances that are classified by users as true or
false positives are currently used to improve the classifier locally. These instances could be
communicated to a server, where they could serve as training data for the classifier. A better-
trained classifier could be delivered to users through periodic updates of the application via
Android Market. This would also improve application performance as the blocking task of

building the classifier would be transferred to a server.

Collected data could also serve further research requirements in this domain. We have not

come across publically available sensor data involving fall patterns during the course of this

work, and one of our aims is to create one. Our data collection application is already
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available in Android Market. Via an update to this application, we are making possible the

collection of raw acceleration and orientation data, and uploading it to a public server.

We have used two classifiers, one each for acceleration and pitch signal. Our fall signal
considers outputs from both the classifiers. Instead of using multiple separate classifiers and
combining their outputs, an approach utilizing a multidimensional classifier could be

explored.

Additionally, in the fall detection application, users could be provided a 'sensitivity setting'

for fall detection. Provided setting value could be used while interpreting the classifier

prediction.
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Appendix A

Application for Data Collection

A.1 Why This Application
We created an application for collecting data from sensors and sending it to a server. We
needed a dedicated application because,
e A fast and reliable method was required to get the sensor data from the monitored
phone to our development system for further analysis.
e Sensors monitored and the nature of data collected changed frequently during design
phase. We needed our own application to accommodate these changes.
e We used our own format for the sensor data.
e For collecting data from other people, we needed an application in Android Market as
many Android device manufactures/carriers disable downloads of non-Market

applications.

A.2 Design and Implementation
We start a Service once the user starts the sensor monitoring from within the application.
This Service monitors the sensor output in background, and writes the sensor data into files

stored at a predefined location on the phone’s external storage. It also periodically reminds

61



the user about uploading the data to our server using the Android system notifications.

Additionally, the user can choose to upload the data at any time from the application. The

user can optionally provide date and time of fall event while uploading the sensor data.

When the user chooses to upload the data, we start an IntentService. An IntentService is a

Service for on-demand handling of asynchronous requests. Once started, an IntentService

handles the request and stops itself when it runs out of work [39].

The stored sensor data files can possibly grow large over time. Thus, we compress the files

before sending them over the network, and de-compress them at the server before storing.

Additionally, on successful upload, we delete the files from phone’s storage.

Sensor monitoring and writing to files is paused during upload, and restarted once upload is

done.

Following screenshots show application start page, upload page, and an ongoing upload.
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DatacCollect DatacCollect

Please start the sensor monitoring. It will Please tell us the date and time of the
happen in background, and you will be event.

able to stop it anytime by navigating to

this page of the app.

You will receive periodic notifications for
sending the data to us. date time

start monitoring

August 8, 2011

T-Mobile

#: USB debugging connected
Select to disable USB debugging.

' USB connected
Select to copy files to/from your computer.

n Data Collector
monitoring sensor output 11:35 AM

uploading data

Figure 23 — Screenshots of application for data collection
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